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Abstract
In the Smart Grid environment, the advent of intelligent measuring devices facilitates mon-
itoring appliance electricity consumption. This data can be used in applying Demand Response
(DR) in residential houses through data analytics, and developing data mining techniques. In
this research, we introduce a smart system approach that is applied to user’s disaggregated
power consumption data. This system encourages the users to apply DR by changing their
behaviour of using heavier operation modes to lighter modes, and by encouraging users to shift
their usages to off-peak hours. First, we apply Cross Correlation to detect times of the occur-
rences when an appliance is being used. We then use two approaches to recognize the operation
mode used: The Dynamic Time Warping (DTW), and Machine Learning using K-Means and
K-Nearest Neighbors (KNN).
Keywords: Dynamic Time Warping, Machine Learning, K-nearest Neighbors, Smart Sys-
tems, Time-Series Analysis, Smart Grid, Disaggregated Power Consumption, Demand Re-
sponse, IoT
i
Summary for Lay Audience
Technology is rapidly evolving. The electricity network is changing. This network is getting
smarter with the use of smarter measuring devices which are capable of seamlessly collecting
various types of information on consumer electricity consumption. This information is col-
lected frequently by devices that sense through the wired connections then store the electricity
consumption data in a storage device that is accessible by the hydro company. Consequently,
the hydro company performs analysis on the stored information and then gets back to the con-
sumer with tips and recommendations on reducing electricity bill by urging the consumer to
change certain habits in operating house appliances.
In this research, we introduce a smart system approach that is applied to a household’s
electricity consumption data for each appliance. The main objective of this system is to en-
courage the consumers to change their behavior with certain appliances by switching using
heavier operation modes to lighter operation modes. Also, the system aims to urge users to
shift their appliances usage to the times of the day where the demand is lower and electricity is
cheaper.
To achieve the goals of our study, we analyzed publicly available electricity consumption
data for a group of appliances and came up with a representation of this data. We then built
an algorithm to mimic this data with the same form, so that we can generate as much data as
we need. Thereafter, we developed an algorithm that can search this data and find the times
when an appliance is turned on using a searching technique (cross-correlation) that relies on
prior knowledge about each appliance electricity consumption pattern. Using the detected time,
we applied two other algorithms to determine the operation mode (light, medium, heavy) for
each detected instance of the house appliances. We used an algorithm based on comparison
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1.1. Statistics About Canada’s Electricity Generation And Consumption 3
Greenhouse gas emissions in the atmosphere are one of the contributors in increasing the
severity of climate change [28]. Half of the current CO2 emissions are absorbed by oceans
and land ecosystems [22]. The World Energy Outlook [72] identified new supply options,
mainly renewable energy resources as a way to redistribute resources to limit the effects of
their shortage of resources in the future.
As stated by the International World Outlook, by the year of 2040, renewable sources
will supply only about 15% of the world’s energy needs [108]. This suggests that energy
sources conservation should be a high priority. Therefore, the need of sustainability that keeps
resources availability arises. This could be achieved by regenerating resources at a rate more
than harvesting. Also, energy conservation can save costs in residential uses up to 56% [1].
1.1 Statistics About Canada’s Electricity Generation And Con-
sumption
Canada is considered one of the highest six countries in the world in terms of power con-
sumption in the period 2000 to 2014 [113]. Figure 1.1 shows the electricity consumption per
capita for the top six electricity consuming countries in the world. The total electricity usage
in Canada in 2014 was 1755 petajoules (PJ), where 582 PJ are for residential purposes and 760
PJ are for industrial usage, while the rest is divided between commercial and other kinds of us-
age. The provincial electricity usage widely varies among provinces. Provinces with plentiful
and cheap electricity from large-scale electricity projects are in British Columbia and Quebec,
which tend to use more energy than the other provinces. In particular, Quebec uses 37% of
the total Canadian electricity, then Ontario at 23%, British Columbia at 11% and all the other
provinces together use 29% [113].
According to the Natural Resources Canada (NRC) [19], on an international scale, Canada
is the world 6th highest generator of electricity. It generates 3% of world electricity after China,
USA, India, Russia, and Japan. The total generated electricity in Canada in 2015 was around
635 terawatt-hour. Hydro (water) is the largest producer of electricity putting Canada as the
world’s second largest producer of hydro-electricity, followed by nuclear plants at 15%, and
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Figure 1.2: Percentage of the Electrical power consumption using hydroelectric compared to
the total electricity production in 2015. A comparison between 5 of the leading countries in
the world; Canada, USA, Japan, Russia and China [113].
the rest (coal, gas and non-hydro) at 26% (see Figure 1.2). For nearly 11% of the total power
generated in Canada, there are 34 active transmission lines between Canada and the USA that
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transmit power to the US for export purposes [19].
In terms of pricing, Canada is considered one of the lowest prices in the world [113]. The
average electricity price in Canada is 11 cents/KWH. Figure 1.3 depicts the average electricity
prices in US dollar per KWH. In Canada, the underlying infrastructure and the means of pro-
ducing electricity play an important role in determining electricity prices across provinces in
Canada [9]. Consequently, prices vary among provinces in terms of residential and industrial
prices. The average residential electricity prices in cents per kilowatt-hour in April 2016 is the
lowest in Alberta at 10.89 and the highest in Ontario which is 20.12 [19].
$0.11/KwH 
Figure 1.3: This chart shows electricity average prices in selected countries worldwide in 2018.
Price is in U.S. dollars per kilowatt hour. [98]
1.2 The Smart Grid
Smart Grid is a cyber-physical system which includes communication system with the
power flow structure that can also be used to transmit data, to gain intelligence and automated
control [12]. Smart Meters (SMs) are capable to communicate with sensors that sense power
usage and store this data into a database that belongs to a Meter Data Management System
6 Chapter 1. Introduction
(MDMS) [100]. MDMSs are smart systems that involves multiple tools and services to the
consumer. These tools rely on the power consumption data that is collected by the Advanced
Metering Infrastructure (AMI) and stored in the database.
Examples of MDMSs tools are the following: Consumer Information Systems (CIS) which
provide the consumer analytics about consumption, billing systems for reporting bills, etc as
shown in Figure 1.4. Other tools focus on reducing home energy use by analyzing consumers’
consumption data and provide information that helps consumers gain more knowledge about














Meter Data Management 
System 
MDMS
Figure 1.4: Meter Data Management System (MDMS). [12]
1.3 Demand Response DR
Demand Response DR is defined as: “Changes in electric usage by end-use customers from
their normal consumption patterns in response to changes in the price of electricity over time,
or to incentive payments designed to induce lower electricity use at times of high wholesale
market prices or when system reliability is jeopardized” [11].













Figure 1.5: Power consumption data before and after applying DR.
Demand response systems are designed to decrease electricity consumption either by shift-
ing it from on-peak to off-peak periods based on consumers preferences, or changing the power
consumption level by changing the way how people consume power [96]. The intention is to
reduce cost to consumers and reduce network peak load. The reduction of network peak load
may limit the need for new infrastructure.
The main two objectives of DR for residential consumers is to reduce electricity consump-
tion and to shift the heavy loads from on-peak hours to off-peak hours where the price of
electricity is less expensive and thus reduce bill for consumers. Figure 1.5 shows a power
consumption plot for certain household in two different situations. The highlighted area repre-
sents the on-peak time when the energy price is relatively higher than the rest of the day. The
green area shows the power consumption through time with a relatively high consumption in
the highlighted area. The blue area shows the two desired objectives after applying DR. The
adaptation with DR shows that the power consumed over time is reduced by ∆p. Second, the
high load appears within the on-peak before DR is shifted by ∆t outside the period where the
energy price is less expensive.
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1.4 Problem Statement
One of the main goals of Smart Grids is to provide the data that is required to build tech-
nologies that encourages consumers to reduce their energy consumption. Therefore, house-
holds reinforce the efforts to conserve energy, with the collaboration with the smart home
technology.
There are different approaches used in the literature that suggest methods of providing
consumers of electricity to reduce their consumption. Some of the approaches [32, 33, 77, 44]
focus on gamification to engage people more and change their behaviour in energy consump-
tion in more enjoyable way. Other approaches [74, 29, 39, 23, 74, 29], focus on visualizing
consumption data and presenting it to the consumers in a way that is easy to understand. So-
cialization is also used [99, 106, 101] by utilizing social networks to connect households and
encourage energy conservation by comparisons, competitions among households.
Data analytics is applied on energy consumption data collected by smart meters. The
analysis focused on detecting and recognizing different appliances and loads in the data. Profile
detection algorithms [30, 79, 5] are proposed to detect events in the energy consumption time
series data. Other methods [46, 78, 60] are used in order to extract each appliance consumption
from the aggregated consumption data from the mains.
Typically, home appliances may run in one of several operation modes. Each operation
mode is characterized by its running time and different cycles that the appliance go in. Acti-
vating an appliance in a certain operation mode consumes energy differently than other modes.
To the extent of our knowledge, the literature lacks approaches that focus on analyzing
disaggregated power data and detect the activation of certain appliances, then classify each
use of the appliance in one of its operation modes. Analyzing disaggregated power consump-
tion data consumed by each class of device helps suppliers in the development and testing of
evidence-based energy-efficiency policies and power conservation applications targeted at re-
ducing consumer’s spendings [38]. By doing this approach on disaggregated power data the
consumer has the opportunity of getting feedback in a form of tips to change his behavior of
selecting the operation time, and the operation mode for each individual appliance.






























Figure 1.6: Inputs and outputs for the proposed model.
1.4.1 Thesis Approach
The model we propose conforms with the DR in terms of goals since our model’s goals is
to encourage consumers mainly to shift high consumption loads to off-peaks periods, and to
lower their overall daily power consumption. To achieve these goals, we propose a system that
processes the disaggregated power consumption data day by day for appliances. We focus on
certain appliances that the DR concept can be applied on and the results can be observed easily.
To apply DR, we define what makes a consumption within certain period of time as high
consumption so that we can apply DR to shift this high load and to lower its power level.
Therefore, we focus on certain appliances that have similar behaviour in which they are turned
on by human intervention, but they turn off on a timely basis depending on the operation mode
that the consumer selects. Between these two time marks (turn on, and turn off) the appliance is
in running state, performing different types of preprogrammed cycles to achieve its task. These
cycles consume different levels of power and run for different periods of time, all depend on
the appliance type and the operation mode that the consumer selected. This is what we call
Single Usage Profile (SUP). A SUP is defined as: The power consumption behaviour for a
certain appliance running in a certain operation mode within specific period of time.
Figure 1.6 demonstrates the two DR goals achieved by our model. The input to the model
is a single day power consumption for a certain appliance. The processing of the power con-
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sumption data has two main objectives:
1. Find the time when the SUP starts: The power consumption data is processed in order
to find the turn on times for the appliance i.e. the start time of the SUP. By doing so, we
obtain the time when the high load starts. Consequently, a recommendation generated
by the system could be sent to the consumer if the detected time falls within the on-peak
time advising the consumer to shift the load either before or after the current time to
avoid higher energy prices. This can save the consumers up to 51.5% of their spending
on energy [50] . Figure 1.6 shows the detected time ton of the high load region (SUP).
2. Recognize the operation mode of the SUP: Most of modern appliances have the option
to run in different operation modes. For example, a washing machine could be pro-
grammed with three or four different modes, each of them runs the inner components of
the washing machine differently in order to meet the person’s needs. Each of these oper-
ation modes has its own timing, cycles activated, and power levels during the activation
time. Therefore, one way to apply DR is to recognize the mode that the detected SUP
uses then the system recommends to the user to avoid using heavier modes on the long
run. Figure 1.6 shows how our model recognizes the SUP and isolates in red, then it
distinguishes its operation mode.
1.4.2 The Proposed Model
Our work focuses on building a web based prototype that resembles a tool belongs to the
MDMSs. The main goal of this prototype is to monitor and analyze residential power consump-
tion for certain appliances in order to give the household tips to lower the daily consumption.
These tips are based on detecting the times when an appliance is activated so the system ad-
vises the user to shift the usage to off peak hours. The other way to give tips is to recognize the
operation mode that appliances in activated with and advise the user to use lighter modes that
consume less power instead of using heavier modes that consume more energy.
The prototype generates a group of households. Each household uses several appliances in
daily basis with certain behaviour on when and how these appliances are used. The application
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monitors the power consumption data for each appliance using detection algorithms to detect
the time when an appliance is activated so that a tip is given to the user to shift the use time.
Also, recognition algorithms are applied to recognize the operation mode used at the detected
time so that the application gives a tip to use lighter mode.
Our Model consists of five modules working sequentially to obtain the two goals that
facilitate applying DR. Figure 1.7 shows the overall architecture of the model and how the
flow of the execution is going top-down. The main modules of the model are Data Analysis
Module, the Simulator Module, the SUP Detection Module, and two classification modules
that we compare their results. These two modules are the DTW Classification Module and the
Machine Learning Classification Module.
1.4.3 Contribution
To the extent of our knowledge, the combination of all these methods together is not done
before in the literature. Analyzing existing dataset to extract behaviours of each appliance as
configuration object. Then using this configuration to simulate the existing dataset with the
ability o control these behaviours and inject certain bias in the simulated data. Then run a
detection algorithm to determine the timing on when these behaviours take place and after
that recognize these behaviors using two different approaches to classify the behaviours into
different classes based on the analysis of the existing dataset. This combination of methods
and techniques in not done yet in the literature.
1.5 Thesis Outline
The content of this thesis has been arranged into 10 chapters as follows: Chapter 2 de-
scribes the background and relevant work about this research area. Chapter 3 discusses the
data analysis conducted on a publicly available power consumption dataset. Chapter 4 dis-
cusses the simulation of power consumption. Chapter 5 talks about the detection of appliances
usages in the consumption data. Chapter 6 walks through the recognition of appliances profile
using signal processing approach. Chapter 7 discuses the recognition of appliances profile us-
ing machine learning approach. Chapter 8 describes the technical implementation. Chapter 9
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evaluates the performance of all the proposed approaches. Chapter 10 concludes the thesis.
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Figure 1.7: The overall architecture.
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This section discusses the electricity distribution inside the house and how the electricity
consumption is monitored.
2.1.1.1 The House Main Service Panel
The utility company generates the power and distributes it to the main service panels in-
stalled in houses in a certain area. The main service panel is considered like the switchboard for
all the electricity lines in the house. It receives the power from the incoming utility company
power line and distributes it to each circuit which supply the various loads such as: power out-
lets, lights, appliances, etc. Every outgoing power line out of the service panel can be turned on
or off at the main service panel using a Circuit Breaker. A circuit breaker is a switch that con-
trols one outgoing line from the main panel. It is an auto/manual switch that can be switched
by hand or automatically when the line is overloaded.
2.1.1.2 Electricity Meters
Each service panel comes with an electricity meter attached to it (before the circuit break-
ers) to monitor the entire house power consumption. There are two types of meters:
1. General Electricity Meters (GEM): This type of meter is installed before the the circuit
breakers as depicted in Figure 2.1 . The meter shows power consumption as an accumu-
lated reading from the time of installation. Other meters may store multiple readings
such as power, voltage and current measured frequently. One example of this type of
meter is shown in Figure 2.2.
2. Smart Meters (SM): A smart meter is an electronic device that logs the data of electric-
ity consumption and communicates this data to the electricity supplier’s central system
for the purpose of monitoring and billing. Barai et.al. [12] demonstrated the functional-
ities of smart meters in the smart grid. The smart meter model is shown in Figure 2.4.
Smart meters can communicate with sensors that are installed on an appliance. These







Figure 2.1: General Power Meter model. This model shows that General Power Meter is used
to distribute power from electricity poles to house appliances.
sensors have the ability to collect data at fixed intervals from the appliance that they are
attached to. This data includes power, voltage and current. The smart meter receives this
data and logs it to a storage device. Additionally, smart meters enable two-way commu-
nication between the meter itself and the supplier’s central system. This communication
to the network may be established wirelessly through 3G, or via wired connections e.g.
Power Line Carrier (PLC) which uses the existing power lines to transfer the sensor data.
The Smart Meter can also receive control signals sent from the supplier for the purpose of
applying power conservation policies. One example of these meters is shown in Figure
2.3.
2.1.2 Electricity Consumption Metering
Electricity Metering is the task of recording the power consumed by a certain load. This
load could be a light bulb, a microwave, a dishwasher, or even the house as a whole. This task
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Figure 2.2: Three-phase electromechanical induction meter, metering 100 A 240/415 V supply.
Horizontal Aluminum rotor disc is visible in center of the meter.(online at bit.ly/2QH1i1i)
Figure 2.3: Newer retrofitted U.S. domestic digital electricity meter Elster REX with 900MHz
mesh network topology for automatic meter reading and (EnergyAxis) time-of-use meter-
ing.(online at bit.ly/2QH1i1i)
is performed by the electricity meters we discussed in the previous section.
Since the late 18th century as the use of electricity started to spread and the electrical
grid expanded to reach residential areas, the concept of installing a meter that monitors the
electricity consumption over time emerged. Sebastian Ferranti offered the first meter which
was a mercury motor meter with a register so that consumers can read electricity consumption
values [41]. These meters are important for residents and power suppliers. Residents want to
minimize power consumption bills. Power suppliers rely on these meters to be aware of the
load consumed by each household for billing purposes.
Traditionally, GEMs are installed in each house by the utility company in order to monitor











Figure 2.4: Smart Meter connection model. Smart meter act as General meters in terms of
ability to log power consumption data. On the other hand, the model shows how the Smart
Meter can connect to sensors installed on the appliance wall outlet and log consumption data for
each appliance individually. furthermore, the Smart Meter connects two-way with the supplier
central system.
the electricity consumption in the house. With the advent of the smart grid and the equipments
that come with it in terms of metering devices and sensors such as smart meters SMs, the types
and quantity of data differed. There are two forms of power consumption data:
• Disaggregated Electricity Consumption Data: This type of metering is done by a
smart meter with the collaboration of special sensors installed on each breaker line or
a single outlet that samples the power reading frequently and send them to the SM as
shown in Figure 2.4.
• Aggregated Electricity Consumption Data: This is the traditional way of monitoring
electricity consumption. The traditional meters are used to measure the power consumed
on the mains line before the circuit breaker regardless of how the lines are distributed in
the house as shown in Figure 2.1. This aggregate power reading could be transformed
into disaggregated powers reading by applying Energy Disaggregation (ED) techniques.
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Energy disaggregation is a wide research area where algorithms are developed to decom-
pose the aggregate power into the the different loads and appliances. Energy disaggrega-
tion, also referred to as a Non Intrusive Load Monitoring (NILM), is the process of using
an aggregated energy signal, such as what is coming from a whole-home power (which
is known as mains), to infer each of the different individual loads of the mains.
Consumers typically struggle to understand an appliance’s power consumption because of
the lack of the technical knowledge that prevents them from knowing which types of electrical
components consume more power than others [36]. These misunderstandings of how energy is
used in the house make it difficult for consumers to determine how to conserve it. Furthermore,
people commonly overestimate the effectiveness of conservation measures which depend on
short-term changes in behavior e.g., turning off lights when leaving the house. In contradiction,
residents underestimate technology related solutions such as deciding to replace the house
insulation or the use of energy-efficient appliances [36].
Reporting disaggregated power consumption data consumed by each class of device to the
supplier is critical in terms of development and testing of evidence-based energy-efficiency
policies and power conservation programs targeted at reducing capital spendings. Disaggre-
gated data provide opportunities to the power companies to improve the power systems plan-
ning process, electric load forecasting, new ways of billing, and more accurately solving cus-
tomer complaints [38].
With regard to residents, several studies [21, 56, 112] show that consumers immensely
underestimated the energy used for certain uses while overestimating the energy used for ap-
pliances and other uses. Mettler-Meibom et.al [68] interviewed 52 households in Munich, West
Germany, and asked them to approximate the proportional energy cost of certain power usages
over others. They then compared these responses to the actual usage. The results showed that
there is a wide gap between estimations and actual power usages as they underestimated power
used for heating and overestimated the power used for lighting, cooking, and appliances.
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2.1.3 Time Of Use Tariffs
Time Of Use Tariffs (ToUTs) are price policies that support consumer flexibility by realign-
ing price signals in favor of more flexible energy use [92]. ToUTs aim to encourage consumers
to shift their energy usage from high energy demand times to low energy demand times. There-
fore, ToUTs divides each day (or week) into several periods depending on the demand rate, and
assign prices to each period accordingly by setting cheaper energy prices in the low demand
period compared to the high demand periods.
For more information visit OEB.ca
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Figure 2.5: Ontario Time Of Use Tariff starting from May 1st, 2018. Ontario Energy Board
website [76].
ToUTs differ depending on when the usage of the electricity takes place. Based on the
Ontario Energy Board, there are three periods in Ontario:
• Off-peak: This period is when demand for electricity is lowest. Ontario residential areas
and small businesses use nearly two thirds of their electricity during off-peak hours.
• Mid-peak: This period is when demand for electricity is moderate. These are the day-
time periods, but not the busiest.
• On-peak: This period is when demand is highest. These are the busiest times of day
–generally when people are very active cooking, and running heaters or ACs.
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The overall objective of applying ToUTs is to shift energy demand from on-peak to off-
peak hours, instead of reducing the total energy use. The design of ToUTs reflects the real
energy generation expenses throughout the day.
2.2 Literature Review
2.2.1 Demand Response
This sections discusses different approaches in the literature to apply demand response in
the residential electricity consumption.
2.2.1.1 Gamification
According to Deterding et al. [25] the definition of gamification is ”The use of game de-
sign elements in non-game contexts”. They discuss on how to benefit from gamification in
non-game applications. For instance, video games are designed with the purpose of entertain-
ment, yet it can motivate players to engage with its elements in certain intensity and playing
duration. Hence, adding gaming elements to non-game products and applications will encour-
age users to engage more in an enjoyable matter. For example, the work conducted by Flatla
et. al. [32] focused on calibration in interactive systems like calibrating a new input device
of a computer, which is tedious and boring process. They introduced calibration games that
collects calibration data in an entertaining manner.
Gamification approaches can be considered as an engaging means of intervention that
aims to stimulate certain desired behavior by tapping into intrinsic motivation as mentioned in
Fogg’s book [33], which defines intrinsic motivation as ”spontaneous energizing force based
on activity or situation”. This is considered very powerful in persuading people to do certain
actions.
Gamification is one of the tools that is used in persuading consumers of electric power to
reduce their consumption. This could be done through engaging them with a gamified environ-
ment that includes some gaming elements. Project ChArGED by Papaioannou et al. [77] de-
scribes the IoT-enabled gamification approach by employing a multi-channel plug-level meter,
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Near-Field Communication (NFC) tags, Bluetooth Enabled (BLE) beacons and the user smart-
phones to collect disaggregated power consumption data. They used this data to introduce
the GreenCup challenge game and weekly competitions among teams of employees. Social
Power, is a mobile application developed by Wemyss et al. [107]. Its objective is to stimulate
social engagement in households, encourage change of personal behavioral in order to save
electricity by forming groups of neighbors in competitive or collaborative environments with a
points system. Ro et al. [90] collaborated with Cool Choices, a non-profit organization located
in Madison, Wisconsin to develop the Cool Choices game, in which players submit environ-
mental sustainable cards (actions) and receive monetary awards. Gustafsson el al. [44] focused
on determining if post game effects (sustainable) on behavior can be achieved through gamifi-
cation. They proposed Power Explorer game that uses real-time sensing for appliances cables.
The game is capable of providing instant feedback to consumers when consumers switch on/off
home appliances.
2.2.1.2 Visualization And Eco-Feedback
Visualization is considered one of the most effective approaches used in the literature [48],
where systems are developed to visualize consumption data in various forms suitable for techni-
cal and non-technical people so that everyone can understand the data and the decision making
will be more accurate.
The literature shows that depiction of energy consumption and saving advisories are key
concepts to save energy and leads to change of behavior that in people is performing in energy
consuming, lowering their power demands, and upraise energy consumption awareness for
them [31]. Through previous studies [74, 29, 39], it is commonly expected that by offering
visualized feedback of the household electricity consumption at a certain frequency, a range
between 5% and 15% of the household consumption can be saved [23]. These savings are the
outcome of the behavior changes in energy consumption of users who consume less or more
efficiently based on the feedback they get.
Eco-feedback is defined as any technology which provides feedback on individual or group
behaviors with a target of reducing environmental impact. An important way to change individ-
ual behavior is to render energy consumption visible through personalized feedback [2]. This
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feedback may take many forms, and is typically designed to motivate individuals to increase
sustainable behaviors. For example, goal setting and public commitment may both enhance
motivation [37]. Sending alerts to employees screens when they left their screens open in
meeting time was efficient [74]. Fan et al. [29] suggested ranking of users based on their habits
based on rules extracted from the Internet about efficiency of using appliances.
Electricity usage data visualization not only allows users to intuitively understand the
household electricity consumption, but also gives the users the ability to optimize home en-
ergy efficiency by following up with their habits of using electricity, in order to achieve home
energy saving, efficiency and convenience. Ghidini et al.[39] introduced a mobile application
to distinguish and display power usage when there is no one in the house and when there is
no one outside the house using GPS. Apperley et al. [8] developed an iOS application for an
iPad that displays energy sources as icons (water, wind, coal, etc.). These icons move in pro-
portional speed with the amount of power that they produce. Holmes et al. [47] introduces the
idea of converting usages (in KW) the number of trees need to be planted in order to absorb
the produced CO2.
2.2.1.3 Socialization
Monitoring technologies for electricity consumption by its own are mostly not enough to
make the desired behaviour change regarding consuming power [23]. This section presents
some of the work on the use of Online Social Networks (OSNs).
These days, OSNs interconnect billions of people together e.g., Facebook now has over
2.19 billion active users [99]. Studies [106, 101] demonstrate that, through social networks,
users read other people’s postings, play group games, post comments on pictures, show admi-
ration, and add to their own activity log many times daily. These networks provide a powerful
mechanism that delivers dedicated applications to groups who have similar tastes or opinions
and thoughts in the real-world in a manageable and pleasant manner. There may be a possi-
bility in leveraging the engaging power of small applications, offering rich social interactive
features to help change energy behaviour.
Using existing social networks may be considered a solution to developing certain appli-
cations on top of it, so that the underlying social infrastructure can be utilized. Foster el al.
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[34] developed Wattsup a Facebook application using the Facebook Developers Kit (FDK)
allowing users to compare domestic energy consumption on Facebook. Wattson home energy
monitor devices [34] was used to collect usage data from household wirelessly and rank usage
among friends. Grevet et al. [42] developed a web application to display personal use graphs,
and the ability to compare with other individuals anonymously in a college dorm. Petcov et al.
[80] focused on comparative feedback by developing the mobile application EnergyWiz that
enables users to compare with consumer’s past performance, their neighbors, or contacts from
social networking sites e.g. Facebook and other EnergyWiz users.
2.2.2 Power Consumption Data Simulation
One of the fundamentals of the smart grid applications is the electricity consumption data.
This data is collected mainly by smart meters as we discussed in Section 2.1.2. In some cases,
real data that is collected by smart meters are not available. In this situation synthetic data is
the solution to overcome this limitation. This section discusses several approaches to simulate
electricity consumption for residential uses.
A behaviour based load profile generator is proposed by Pflugradt et.al. [81] to gener-
ate realistic load profiles for every single household in a low voltage grid using MATPOWER
tool. Load profiles are generated based on psychological models that describe domestic load
profiles to be results of household residents’ daily activities. The generated loads are disaggre-
gated loads for different appliances. These loads show fewer power fluctuation than real power
readings. Kong et.al. [57] proposed a rule based domestic load profile generator that allows
the users to choose appliance profiles and add them to the household. The simulation is con-
trolled by rules that represents the typical resident load patterns and schedules and appliance’s
attributes.
Yao et.al. [114] introduced a Simple Method of prediction of daily Load Profile (SMLP).
They applied cluster analysis method based on several scenarios of occupancy patterns that
include information about each individual in the household such as job type, number of resi-
dents, unoccupied period of the house, etc. SMLP can be applied at both regional (macro) and
house (micro) levels. A similar approach is used by Richardson et.al. [89] to generate high-
2.2. Literature Review 25
resolution synthetic lighting demand data. The model depends on two physical/environmental
input factors: Outdoor Irradiance, and Active Occupancy within the house.
An Adaptive Markov Chain Model (MCM) approach is presented by Zufferey et.al [115]
to generate appliance level power consumption. This approach takes into consideration the
medium to long-term seasonality using low number of markov states without decreasing per-
formance. Hoogsteen et.al. [49] presented a novel, open source, Artificial Load Profile Gen-
erator (ALPG) developed specifically to test and compare the performance of Demand Side
Management (DSM) methodologies. They considered several parameters to control the ALPG
such as: Penetration of emerging technologies like electric vehicles, geographical location of
the neighborhood, and predictability of persons.
2.2.3 Load Profiles Detection
In Section 2.2.1 we discussed different approaches applied in order to conserve electricity
consumption in residential areas. This section discusses the techniques used to analyze the
electricity consumption data so that end user applications could be built on top of these ap-
proaches. These techniques are mainly about event detection in time series data. The events
that we are interested in are the events of activation of appliances.
Event detection algorithms are used to detect starting and transition states for loads/appliances
from aggregated power consumption data, then to extract each load profile separately. Accord-
ing to Anderson et.al. [7], there are three types of these algorithms: (a) Expert Heuristics, (b)
Probabilistic Models (c) Matched Filters.
2.2.3.1 Expert Heuristics Algorithms
Expert Heuristics algorithms assume that a prior knowledge of the appliance that is de-
tected to be exist. Farinaccio et.al. [30] proposed a rule-based approach to detect the transitions
of a selected appliances ( turning on and off). The ”state change detection” rule scanned the
difference periods of time of the total power data and compared with pre-determined power
periods for the start and end (on and off) associated with each appliance. Such a technique
is used by Baranski et.al.[13] using dynamic programming and genetic algorithms. Hart et.al.
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[45] predefined certain periods of time as Steady State Periods where the power value through
these periods doesn’t vary more that a certain tolerance value. They used this definition to
detect the transition between states with different power levels to indicate the activation of
appliances.
2.2.3.2 Probabilistic Models
Probabilistic Models make decisions about the occurrence of certain events by providing a
probability of how likely an event will happen. A training step is required to learn the statistics
models of different power datasets [6]. Luo et.al. [64] introduced the concept of a Generalized
Likelihood Ratio (GLR). This approach calculates a ”decision statistic from the natural log of
a ratio of probability distributions before and after a potential change in mean”. This approach
involves training of several statistic parameters offline. Pereira et.al. [79] used a GLR variant
to detect events of turning appliances on/off and to label a data set. The study reported that
it can detect 95% of events. Bergesr et.al. [16] used another variant of GLR that uses fewer
number of statistic parameters to be trained. Also they introduced a voting process to maximize
the detection statistic. Jin et.al. [54] proposed event detector that utilizes a Goodness of Fit
Chi-squared test (GoF) for detecting load activation using the power mean calculation, then
followed by a change point detector that estimates the transition point of the signals using the
first harmonic component of the power signals extracted by applying the Short-time Fourier
Transform (SFT) on the power signal.
2.2.3.3 Matched Filters
Matched Filters involve a known signal known as the (mask signal or template signal) to be
correlated with unknown signal to detect the occurrence of the template in the unknown signal.
Weiss et.al. [105] proposed AppliSense algorithm that uses a database of load templates in
order to detect appliances presence within unknown power signal. They utilized Derivative
Filters approach. Alcala et.al. [5] proposed an approach using Hilbert Transform to extract
the envelope of the current signal. Then, by using Average Filters, Derivation Filters, and
thresholding to cut off the signal, transition events is detected. Remscrim et.al. [88] and Shaw
et.al. [94] showed approaches that use Field-Programmable Gate Array (FPGA) to monitor
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power signals and extract spectral envelopes from several harmonics, then a Kalman Filter
is used to track events. Other studies [95, 59, 58] used pre-stored load signatures to detect
appliance’s activation.
2.2.4 Load Profiles Classification
NILM algorithms basically consist of two major steps: Load Detection and Load Classifi-
cation. Once a load have been detected, we need to classify this load into the correct appliance.
Consequently, we need to extract load profile (signature) from the power signal. Load sig-
natures should be unique for each appliance in the house, and they can be extracted during
steady states while the appliance is in operational modes, or transient states while an appliance
transition between two operational modes.
Hassan et.al [46] evaluated appliance load signatures to disaggregate residential total en-
ergy use and predict individual appliance profiles. They built their approach based on V-I
trajectory which is ”the mutual locus of instantaneous voltage and current waveforms” for pre-
cision and robustness of prediction in classification algorithms used to disaggregate residential
overall energy use and predict constituent appliance profiles. Parson et.al. [78] proposed an
approach using Iterative Hidden Markov Models (IHMM) in which prior known models of
general appliances are tuned to specific appliance instances using load signatures extracted
from the total load.
Multi signatures are used by Liang et.al. [60] where different snapshots and delta form
signatures are extracted including Current Waveform (CW), harmonics (HAR), active and re-
active power (PQ), admittance waveform (IAW) etc. They then apply multiple algorithms on
these signatures such as Least Residue (LR), Integer Programming, Genetic algorithm and
Neural Nets. On the presence of a event in the aggregate load, all the mentioned signatures are
extracted; then each algorithm classify the signature into an appliance class. Lastly, a voting
algorithm is applied to decide the appliance class among algorithms outcomes. A Committee
Decision Mechanism (CDM) is chosen for voting.
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2.2.4.1 Machine learning algorithms
Machine learning algorithms are emerging in the context of load signature detection with
both supervised and unsupervised algorithms. Barsim et.al. [15] proposed an approach that
uses the typical event-based NILM system with only unsupervised algorithms to eliminate the
need for training stage. The event detector is a grid-based clustering algorithm to segment
the power signals into transition-state and steady-state segments. They extracted Macroscopic
Features from the detected events and used them in a Mean-Shift Clustering algorithm. They
proposed another approach [14] that uses bucketing technique and Expectation Maximization
(EM) clustering for event detection. Then Mean-Shift clustering is utilized to detect recur-
rences. Kang et.al. [55] used Probabilistic K-Nearest Neighbor (PKNN) to infer the device
states from home appliances electrical power usage signal and also from sensor data including
temperature and humidity. Prudenzi et.al. [84] proposed a procedure that provides three differ-
ent sequential back propagation Artificial Neural Networks (ANNs) to process the load shape
and identify load signatures. Then the classification is performed by an unsupervised network
implementing the Self-Organizing Map (SOM) of Kohonen.
2.2.4.2 Dynamic Time Warping (DTW)
Dynamic Time Warping (DTW) [17] is an algorithm used to measure the similarity be-
tween two signals. DTW prevents the impacts of the potential location shifting and/or tem-
poral scaling between the compared signals. DTW is chosen as similarity measure for several
reasons: First, It is easy to implement, and the enhancements [73] to the original algorithm are
plenty and easy to implement as well. Second, DTW is quite robust and effective and gives
good results [104] proofing its robustness. Third, it is a good fit for the nature of the time series
that have slight distortion it terms af amplitude or in phase shift. Accordingly, DTW is a good
choice for measuring similarities between functions that has differences in amplitude and time
warping.
Liao et.al. [61] proposed an approach for appliance load classification using DTW. The
approach relies on load signature DB and predetermined DTW thresholds (distances) for dif-
ferent appliances. Liu et.al. [62] used a nearest neighbor transient identification method to
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identify the appliance creating the Transient Power Waveform (TPW) sample time-series, then
the DTW-based integrated distance is utilized to calculate the similarity of TPW signatures
and a template time series for an appliance. Wang et.al. [103] contributed an approach which
uses Iterative Disaggregation based on Appliance Consumption Pattern (ILDACP). This ap-
proach combines Fuzzy C-means clustering algorithm to detect appliance operating status, and
DTW search that identifies single energy consumption based on the appliance typical power
consumption pattern (a template pattern).
Throughout our review in the literature, we found that the literature so far lacks approaches
[83] that focus on disaggregated power data analysis that focus on detection of the activation of
certain appliances, then classify each use of the appliance in one of its operation modes. In this
work, we focus on analyzing disaggregated power consumption data consumed by each class
of device to detect the activation time for some appliances and determine the operation mode
used in each activattion. This serves as a basis to support consumer feedback applications
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This chapter discusses the statistical analysis performed on a publicly available Power
Consumption DataSet to understand the characteristics of the different loads that resemble the
dataset.
3.1 The Dataset
This section focuses on the analysis of a Power Consumption DataSet (PCDS) collected
by a smart meter as illustrated in Figure 2.4. The data represents electricity measurements
such as Voltage (V), Current (I), Power (P), Energy (E). Smart meters periodically collect the
data throughout the sensors connected to the Smart meter. The frequency of data collection
is known as the Sampling Frequency ( fs). If the Smart meter receives readings every second
from the sensors then the Sampling Frequency fs is 1Hz.
3.1.1 Publicly Available PCDSs
This section presents the analysis of one of the publicly available PCDSs. The analysis
aims to understand the characteristics of loads and appliances over time when they are turned
on. The obtained characteristics help to formalize the behaviour of each appliance/load so
that we can simulate this behaviour later on and generate synthetic data that have the same
behaviour of the dataset.
3.1.1.1 Data Collection
The Rainforest Automation Energy (RAE) dataset [66] represents power consumption data
of appliances. The dataset was published to help smart grid researchers evaluate their solutions
that assume disaggregated data [67]. Figure 3.1 demonstrates the data disaggregation for one
day in house 1.
The currently available release of the RAE dataset contains 1 Hz data from two residential
houses in Burnaby, BC. The schematic hardware model used to collect this dataset is illustrated
in Figure 3.2 which comprises of two functionalities:
1. Real-Time In-Home Display for the current usage in terms of Kilowatts/hour and cost in
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Figure 3.1: Plot of all disaggregated readings over full day on Sunday, 20 March 2016 for
House 1 [66].
Dollars/hour. This functionality is achieved by connecting the Smart Meter [52] to the
In-Home Display [86] through the ZigBee protocol. With this connection the SM sends
the readings to the In-Home Display every 15 seconds.
2. The Breaker Panel submeter [24] captures the instantaneous power consumption readings
for each port, while each port is connected to an appliance or a load line. Once the
readings are captured, the data is sent through a USB cable to a Data Acquisition Unit,
Raspberry Pi [87], which logs the gathered data into a storage device in a CSV formatted
files.
3.1.1.2 RAE Data Description
The RAE dataset contains more than 11.3 million readings. There are up to 24 sub-meters,
one for each breaker in the main distribution panel. The Sampling Frequency fs = 1Hz, cap-
tures several electrical measurements such as power, voltage, etc. Figure 3.3 shows a snapshot
of the raw data.
In our study we focus on the power (Watts) and energy (kWh) readings only, since these
readings are the most commonly used to describe power consumption and consumers are famil-
iar with them [53]. Energy is the total amount of work done over a period of time, while power
is how fast a work could be done, or in other words, power is an instantaneous measurement of
work at a moment of time [27].
Each row in the dataset corresponds to a sample of readings at a specific time. The first
column (Unix ts) represents the Unix time stamp for that particular sample. The IHD column
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Figure 3.2: RAE data capturing hardware setup [67].
shows the reading of the data that the smart meter communicated to the In-Home Display which
is transmitted every 15 seconds. The NULL value indicates no reading. The Mains column
corresponds to the total power consumption for the house at the time stamp specified in the
first column, which is the summation of column data that appears after the Mains column. The
columns {sub1, sub2, ..., subn} are the power readings for the sub-meters in the house where
n represents the number of sub-meters in the house. All the power readings in the dataset
{Mains, sub1, sub2, ..., subn} are measured in watts.
3.2 Data Analytics
One crucial step in this work is to gather information about different electrical loads in
such a way that the information will help us to build our models and validate our proposed
algorithms. The main problem with this process is the large number of electrical loads that
could be available in residential houses. The available data is limited and does not represent
the spectrum of electrical loads. This will lead to difficulty in analyzing these different types of
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Figure 3.3: A snapshot from House 1 shows an example of the shape of the data. The columns
{S ub1, S ub2, ..., S ubn} are the power readings for the sub-meters in the house.
House1 House 2
Annual Energy Consumption (kWh) 7816 2959
Daily Energy Consumption (kWh) 21 8
Monthly Energy Consumption (kWh) 642 243
Total Energy Consumption (kWh) 1542 478
Number of Occupants in the house 3 3
House Area (m2) 100 105
Number of collection days 72 59
Start Date of the collection February 7th2016 September 13th2017
End Date of the collection May 7th2016 November 11th2017
Table 3.1: Basic information about the two houses.
loads. To tackle this problem, we introduce a classification for the electrical loads in residential
houses such that we group together all the loads which share similar characteristics.
3.2.1 Analysis of Aggregated Loads
This work focuses on appliances that represent the three classes of loads presented in Ta-
ble 3.2 . These selected loads/appliances are dishwasher, clothes washer, clothes dryer, re-
frigerator, and lights. Figure 3.4 shows the daily average energy consumption for selected
appliances during the entire data collection period.
From Figure 3.4 we make several observations. Firstly, the chart shows five main values
out of the 24 loads in the house. Mains, as we mentioned, is the total consumption for that day
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Load Type Examples Selection
Timer Based Loads Air conditioning, water
heater, refrigerator
refrigerator
Preprogrammed Loads Dishwashers, Ovens, Broil-
ers, washing machines, tum-
ble dryers
Dishwashers, washing ma-
chines and tumble dryers
Variable Loads electric cooktop, lighting,
television, hair dryer, lap-
tops, and almost the rest of
house appliances
Lighting
Table 3.2: Classification for the electrical loads based on operation behavior.
but since we show only five loads the summation of the loads is always less than the mains
reading. Secondly, there was no data between February 16,2016 to March 5, 2016. Thirdly,
continuous usage is seen for the entire period for the refrigerator. The refrigerator belongs to
the Timer Based Loads class. The average daily energy consumption is around 1.3kWh/day
and the consumption ranged between 1.05kWh to 1.6kWh. The deviation of the daily average
is 0.12kWh which reflects minor differences in refrigerator usage. Fourthly, Preprogrammed
Loads (e.g. dishwasher, clothes washer and dryer) have intermittent usage ranging from very
low amounts of consumption due to a lack of usage to high amounts of energy consumption.
This behaviour is expected since the appliances in the Preprogrammed Loads category are
typically not used on a daily basis. The actual energy consumption varies among households,
but generally, the households show intermittent usage. Lastly, a varying continuous usage in
the whole period is observed for the kitchen plugs, which is a Variable Loads class member.
These plugs are used by several kitchen devices such as coffee maker, toaster, water kettle,
microwave, range hood, sandwich maker, etc. These devices do not abide to any fixed usage
policy since usage is determined by the individual. We observe that there are highs and lows,
high deviation between days, which is approximately 0.21kWh compared to the maximum
0.9kWh and minimum 0.01kWh.
In terms of general behavior for the total energy consumption for the houses, Figure 3.5
shows the total energy consumption for the two houses as the summation of all sub-meter
consumption in each hour of the day for all the readings. The chart splits the energy consump-
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Figure 3.4: Daily Energy consumption for selected appliances and plugs in House1. The x-axis
shows the day of time, the y-axis shows energy consumption in (kWh).
tion by day of the week and distinguishes weekdays from weekends as well. We observe that
consumption on the weekends represents 29% to 49% of the total usage, while each weekday
ranges between 13% to 20% of the entire consumption. One interesting observation in this
graph is that there is an obvious increase in the energy consumption in certain hours of the
day, compared to the timespan surrounding this increase. The first surge is at 6-8 AM, and the
second surge is at 7-9 PM for both houses. These surges reflect behaviour typically associated
with waking up. The later period likely corresponds to the time when household members have
returned home.
3.2.2 Analysis Of Individual Loads
Our discussion of load consumption is based on load profiles. We introduce three types of
load profiles: Single Usage Profile (SUP), Daily Usage Profile (DUP), Weekly Usage Profile
(WUP). Single Usage Profile (SUP) represents the power consumed by an appliance from the
moment of turning it on to the moment of that it is turned off. Hence, SUP with fs = 1Hz





where pi is the instantaneous power reading at time i, te is the turn off time
of the appliance and i ∈ [1, te] represents the ith sample. The Daily Usage Profile (DUP)
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Figure 3.5: The total energy consumption for the two houses distributed by hour of the day,
showing weekdays in blue and weekends in orange.
corresponds to the power consumption of a single load/appliance in a single day based on a





, where pi in the
instantaneous appliance power reading at time i, and i ∈ [1, 86400] represents the number of
samples in a day with the determined sampling frequency fs. Lastly, Weekly Usage Profile
(WUP) is similar to DUP, but for a period of a single week.
3.2.2.1 The Refrigerator
A refrigerator belongs to the Timer Based Loads class. A refrigerator ’s power consump-
tion is primarily associated with two main circuits: Compressor and Defroster. Figure 3.6
shows the power consumption graph over three hours of operation, during which both circuits
were activated.
Figure 3.6 shows four spikes as seen with high amplitudes. These spikes are called Inrush
Current [63]. High inrush current is the result of the maximum instantaneous input current
drawn by an electrical component each time it is turned on. It is always higher than the normal
drawn current due to the high impedance of the device, which is the equivalent of resistance in
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the direct current systems [82]. Thus, it could happen for an appliance level, or for a certain
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Figure 3.6: Power consumption for a refrigerator within three hours.
During the operation of the refrigerator, three different states took place: Cooling, Defrost-
ing and Idle, which can be seen in Figure 3.6. The Cooling state appears four times at time
intervals (12:18 - 12:34), (12:58 - 1:14), (1:34 - 1:50) and (2:11 - 2:26) with power consump-
tion of 106W. In this state the compressor of the refrigerator is turned on, and thus we observe
the inrush current at the start of each occurrence of the cooling state with power consumption at
1200W-2000W for only one second. Turning the compressor on drives the interior temperature
down until it reaches a certain lower threshold when the thermostat interrupts the compressor
and turns it off. After that, the refrigerator is in the Idle state. An example of this is seen at
the interval (1:14 - 1:34), where the main components of the refrigerator are turned off. At this
point the power consumption falls as low as 4W.
The timing of the Cooling and Idle states is predictable since a thermostat regulates the
timing of the state. The defrosting state occurs when the heater ignites in order to get rid of
the accumulated frost on the evaporator and thus the timing of the state is less predictable. The
duration of the defrosting operation takes about 10 minutes. The defrosting state is presented
in Figure 3.6 in the time interval (12:39 - 12:49) in which the power consumption is around
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Figure 3.7: Single use (SUP) for the dishwasher showing three modes of operation: (a) Heavy,
(b) Medium, (c) Light.
450W. It is higher than the cooling state as the defroster utilizes a heating element.
3.2.2.2 The Dishwasher
The SUP for the dishwasher is shown in Figure 3.7. The dishwasher has three main operat-
ing modes: Heavy, Medium, and Light. Each single use of the dishwasher has three operations:
Wash, Rinse and Dry, regardless of the operation mode. For the Light mode the first 70 minutes
are associated with the wash state. The rinse state follows from minutes 70 to 97. The last is
the dry state which ends at minute 108.
The first 15 minutes of the operation during the wash state is the pre-wash phase. Pre-wash
involves filling the dishwasher with water and spraying the water through jets to get the first
round of spray with regular water temperature. The dishwasher consumes in this period around
10–80 W. The wash state takes place when the water is heated by the heating element inside
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Figure 3.8: Usage times for the clothes washer in House 2. Each spike shows a single operation
for the washer.
the machine until the water temperature reaches the desired temperature setting. This will take
20 minutes to complete. During water heating the dishwasher consumes approximately 925W.
The sprinkler then starts washing by rotating and spraying hot water on the dishes consuming
61W for 25 minutes. The dishwasher then drains dirty water at 1:05, consuming about 26W.
The rinse state that follows repeats the steps in the wash state by filling in water and heating the
water to the desired temperature. Heating starts at 1:08 consuming 925W and the rinsing starts
at 1:24 consuming 62W. Sprinkling fresh water to rinse the dishes takes less time (6 minutes)
since dishes are almost clean. The water is drained at 1:30. Finally, the dry state starts at 1:37
in which the dishwasher starts increasing the interior air temperature of the machine for 10
minutes consuming an average of 390W. The insulator installed in the dishwasher keeps the
high temperature until the dry states completes.
3.2.2.3 The Clothes Washer
Washing machine usages are depicted in Figure 3.8. The graph shows the power readings
over two months for the washer. We observe that when the washer is turned on there is a high
spike in the graph which indicates that the power consumption was almost zero before turning
on the machine. Power consumptions returns back to zero after the washer is turned off.
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Figures (3.9,3.10,3.11) graphically depicts the Single Use Profiles (SUP) of the clothes
washer for three wash modes: Heavy (normal), Medium (permanent press), and Light (deli-
cates). Each mode takes different amounts of time. Each of the figures has two plots: the upper
plot is the real consumption data plotted over time. The lower plot corresponds to a smoothed
version of the real data plot using moving median so that the different states in each washing
mode is easily identified.
To deeply comprehend how clothes washers work and what are the different phases of
washing, we will analyze Figure 3.9 which shows the power consumption of the washer for
a single use. The washer has three states of operation: wash, rinse, and spin. These three
states occur for each single use of the the washer. This washer starts its wash state at 12:00 by
filling in the water to the main cavity, during which the washer consumes relatively low power
at approximately 2–80 W. As the water fills in, the washer starts rotating. Initially, the power
consumption is low but gradually increases. This reflects a rise of the motor electrical load as
the water level climbs which needs more power to rotate. Frequent variations in motor speeds
are observed during the wash state, during which the washer consumes around 30–1900 W.
The wash state is then followed by the rinse state at 12:55 which cleanses clothes with only
clear water. In this state, the washer consumes 20-270 W. The last state is the spin state at 1:30
- 1:40. In this state the machine stops pumping water to the cavity and starts to dry clothes by
spinning at a very high speed so that water escapes by centripetal force. During this state the
machine consumes 30–450 W.
3.2.2.4 The Dryer
Figure 3.12 shows a SUP for a dryer in three different modes of operation: Heavy, Medium,
and Light. A single operation of the dryer uses these states:Max Heat, Half Heat, No Heat.
During the Max Heat state the dryer drum is heated to the maximum temperature in the dryer
setting which is in our case is around 5300W, and the duration of this state is relatively longer
than others with 8 minutes of operation. The next state is the Half Heat state which sets the
core temperature to half of the maximum heat with duration of roughly 1.5 minutes. Finally,
with the No Heat state the heating element in the dryer is turned off. The dryer maintains its
state until the control sensor turns the heat back again. The common thing shared between all
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Figure 3.9: Single use (SUP) for clothes washer using heavy mode.






















Figure 3.10: Single use (SUP) for clothes washer using medium mode.
the three states is that the dryer is continuously tumbling regardless of which state is taking
place.
The first state is always of type Max Heat, followed by several alternating subsequences
states of Half Heat and No Heat depending on the mode of operation. At the end, the dryer
switches back to a Max Heat state followed by a long No Heat state for about 10 minutes to
cool down.
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Figure 3.12: Single use (SUP) for the dryer showing three modes of operation: (a) Heavy, (b)
Medium, (c) Light.
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3.2.2.5 The Lights
Lighting is one of the electric loads that is highly stochastic due to the many factors that
affects light usage. We will focus into two factors: Natural lighting, and Active Occupancy.
Human perception of the natural light level within a building is a major factor in deciding the
use of electric lighting or not. On the other hand, the number of people who are awake at home
(Active Occupancy) is the other key factor for determining domestic lighting usage as presence
and activity in the house is a logical reason for power consumption.























Figure 3.13: Power consumed by turning lights on for two different days.
The Daily Usage Profile (DUP) for lights is shown in Figure 3.13. The plot shows two
separate days of light usage in House 2. Light consumption is high at the start of the day as
residents are often getting ready for the day. As the day moves on, there is little use of lights
since there is natural lighting. The activity of turning on lights in the house is observed in
two plots at similar times of the day: In the morning 6:15AM - 8:00AM where the power
consumption reaches 330W and in the evening 6:00PM - 10:30PM where the consumption
ranges in 155W - 500W.
Regarding the daily consumption of lights, it is challenging to find regular daily patterns or
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states as we found in the previously discussed loads. Instead we studied energy consumption
data over a long time period as demonstrated in Figure 3.14. A single day consumption in
Figure 3.13 conforms with the long-term plot showing that there is a relatively more activity
in lights usage during the morning time (6:00AM - 8:00AM) and the evening time around
(7:00PM - 9:00PM).















Figure 3.14: The average power consumption in House 2 during the entire data collection
period, distributed over hour of the day.
3.2.3 Electrical Load Classification
Based on the characteristics of electrical loads we propose the classification presented in
Table 3.2. Appliances with Timer Based Loads are regulated using a timing regulation device,
e.g. thermostat that responds to temperatures. For example with the refrigerator, the compres-
sor (that cools the refrigerator inside) is activated when the interior temperature reaches the
preset upper threshold while it switches back to standby (off) when the temperature falls to the
lower threshold. In contrast, the on-off of the water heater is in the opposite since the thermo-
stat senses the tank water temperature and turn on the heating coil when the water get colder
and then turned back off when the water reaches the desired water temperature. Figure 3.15
demonstrates this process.





















Thermostat 1 Thermostat 2
Figure 3.15: A plot shows how the setting of the thermostat affects the operation of a device.
The green line corresponds to Low Threshold Activated thermostat which turns on the device
when the temperature falls below the Low Threshold. The orange line corresponds to High
Threshold Activated thermostat which activates the opposite way.
Appliances with Preprogrammed Loads are those appliances that are operated manually
by human intervention. When an appliance is turned on it will go through a set of prepro-
grammed set of operations that have a specific duration for each process until it automatically
shuts off. For example, a dishwasher has operations for water filling, washing state, and rinse
state. Each state has its preconfigured duration, and the dishwasher will turn off when finishing
the last state.
The class associated with most appliances/devices is the Variable Loads. The appliances
in this class are triggered by human behaviour. These interventions are related to a vast number
of parameters related to households such as wakeup times, bed times, work times, number of
people inside the house, ages, etc. Since these parameters are unpredictable, it is hard to know
precisely the start time nor the operation duration for loads belong to this class. Consequently,
the electrical load behavior of this kind of loads relies on their usage statistics.
3.3 Conclusion
In this chapter we discussed the importance of data in smart grid applications, specially
residential disaggregated power consumption data and the general model on how to collect this
data realistically. We then discussed the public dataset RAE [66], the data description, and the
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model which is used to gather this dataset. Finally, we analyzed the dataset to understand the
different loads that resemble the dataset by classifying these loads and analyzing each load to
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It is sometimes necessary to create simulated data when it is impractical to obtain real
data that may have protected information, may not be available for legal reasons or there is an
insufficient amount of data [26]. Simulated datasets have the potential to provide the sufficient
data needed to evaluate algorithms.
The publicly available power consumption datasets (PCDSs) are scarce [83, 81]. Further-
more, the available PCDSs are often limited to aggregate power consumption of a residence
with little information specific to the power consumption of an appliance. When there is in-
formation specific to an appliance there is a lack of diversity of usages for the same appliance
over a long period of time and the different operation modes for an appliance are not captured.
The reason for these limitations is that there is still limited use of sensors in homes that
can monitor disaggregated power consumption. This makes it difficult to evaluate algorithms
used to make recommendations on reducing power consumption. This chapter focuses on the
simulator developed for generating synthetic data sets.
4.1 Inverse Transform Sampling (ITS)
Assume that FX(x) represents the Cumulative Distribution Function (CDF) of random vari-
able, X. The CDF is the probability that the variable takes a value less than or equal to x. That
is FX(x) = Pr[X ≤ x] = α. The function takes as input x and returns values from the [0,1]
interval (probabilities).
The inverse of the CDF is represented by F−1X (α) and is referred to as the inverse distribu-
tion function. F−1(α)is the value xαsuch that P(X ≤ xα = α).
The Inverse Transform Sampling (ITS) is a method for generating random numbers from
any probability distribution by using its inverse cumulative distribution function. The first
step is to generate a random number, u, from the uniform distribution. The second step is
to calculate X = F−1(u). X follows the distribution governed by the CDF. We use ITS for
randomly generating turn on times and household usage intensity values.
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4.2 Simulator Parameters
In this section we discuss the parameters that is used by the simulator. These parameters
are the following: Turn on times which represent the time of the day that an appliance is
activated by the user. The second parameter is the Household Usage Intensity which refers to
the pattern of operation modes that a household selects over time. The third parameter is the
SUP Representation Object which is an object that contains a formal representation for any
SUP.
4.2.1 Turn On Time
Turn on time (ton) refers to the time when an appliance is activated by the user during the
day. We use the ITS method to generate values of ton.
The power consumption for the appliance is aggregated over a single day (24 hours). Fig-
ure 4.1 (a) shows the average power consumption from the RAE dataset discussed in Sec-
tion 3.1.1 for a dishwasher over the data collection time, aggregated over a 1 hour period over
a single day. Each value of the y-axis represents the average power consumption for that spe-
cific hour over the data collection period (72 days) i.e., each value of the y-axis represents the
probability of turning this dishwasher on at this hour. The plot is normalized so that each value
of the y-axis represents a percentage of the total usage.
The probability of turning on appliance, a, at time, t, is represented by f aT (t) such that:
f aT (t) = Pr(T = t) , t ∈ D (4.1)
where D is a set of discrete time partitions that represents one day. For example, if the day is
partitioned into 24 hours then D = {0, 1, 2, ..., 23}.




f aT (t) (4.2)
ITS uses the CDF presented in Section 4.1 as the basis for generating random values of
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Figure 4.1: (a) The Probability Mass Function (PMF) for turning on an appliance over time.
(b) Cumulative Distribution Function (CDF).
turn on times.
4.2.2 Household Usage Intensity
Household Usage Intensity refers to the distribution of operation modes that a household
uses over time. It takes the values: Low, Medium, and High. The operation mode that is
used more frequently than the others is called the Major Operation Mode, while other less
frequently used operation modes are the Minor Operation Modes. Households are considered
as high intensity when they use an appliance in heavy operation mode more than using it with
the light or medium operation modes, so in this case the major operation mode is the heavy
mode. Also, households are considered as medium intensity when they use an appliance in
medium operation mode more than using it with heavy and light operation modes, so in this
case the major operation mode is the medium mode. Finally, households are considered as low
intensity when they use an appliance in light operation mode more than using it with heavy
and medium operation modes, so in this case the major operation mode is the light mode. For
example, let us consider a household with medium usage intensity that uses a dishwasher for
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a month. This household uses the medium operation mode (major) for the dishwasher most of
the time, e.g., let’s say 60% of the time e.g., 18 days. The light and heavy modes (minor) are
used 20% of the time each e.g., 6 days each.
We assume that the selection of an appliance mode for a household is based on a multino-




ma jor , 60%
minor , 20%
The major mode occupies the highest frequency since the household will use this mode
most of the time. The minor modes are selected a fewer number of times.
ITS is used to select an operation mode.The mode is selected based on the value of ih which
is sampled from a multinomial distribution function with the the aforementioned frequencies.
By selecting these values the majority of the samples (60%) will be selected from the major
mode, while each of the other two minor modes will be selected with lower chance.
4.2.3 SUP Representation
The SUP Representation Object is a representation of a SUP in a particular operation mode.
This is input to the simulator (more in Section 3.2.2). This section describes the representation
of a SUP. This is used by the simulator to generate synthetic power consumption data.
Figure 4.2 shows three SUPs for a clothes dryer corresponding to three different operation
modes. The clothes dryer has three different cycles within each single use: No Heat, Half Heat,
Max Heat. These cycles are characterized by their time, duration, and power consumption
level. These cycles are also repeated through the duration of the usage by either singularly
(such as the max heat cycle) or in pairs (such as the no heat followed by the half heat). The
duration of each occurrence of a cycle changes e.g., for the no heat cycle, all the occurrences
have a 3 to 4 minute duration except the last no heat cycle which runs for over 8 minutes. Also,
the repetition of pairs of cycles differs among operation modes. For example, Half Heat and
No Heat cycles in the heavy mode are repeated 22 times per phase. However, in the medium
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Figure 4.2: SUP for clothes dryer with three modes of operation (a) Heavy (b) Medium (c)
Light. The types of cycles are shown in (c). The repetition of phases is shown in (a).
operation mode there are 19 repetitions.
The representations of the three SUPs in Figure 4.2 are depicted in Figure 4.3. In Figure
4.3, three SUP representation objects correspond to the SUP plots. They share the same struc-
ture but with different values. For example, Figure 4.3 (a) shows the light SUP representation.
The following is the description of the attributes found in a SUP representation object:
1. Appliance: This attribute is used to specify the appliance.
2. Operation Mode: This attribute is used to specify the operation mode.
3. Phases: This is an array where each element is a phase. Each phase in this array contains
the following attributes:
(a) Repeat Minimum: This is used to determine the lower bound of the number of
repetitions of the phase.
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Figure 4.3: SUP representation objects for a clothes dryer, phases are highlighted and num-
bered in blue, while cycles are in green.Three operation modes are shown (a) Light operation
mode. (b) Medium operation mode. (c) Heavy operation mode.
(b) Repeat Maximum: This is used to determine the upper bound of the number of
repetitions of the phase. The number of repetitions is selected randomly between
the lower and upper bounds.
(c) Cycles: This is an array where each element is a cycle. Each cycle in this array
contains the following attributes:
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i. Name: This is used to determine the name of the cycle.
ii. Power: This attribute represents the average power value (amplitude) of this
cycle.
iii. Duration: This attribute represents the duration of the cycle in seconds.
A graphical depiction of the SUP representation object structure is presented in Figure 4.3
where a SUP consists of multiple phases, illustrated as blue boxes. Each phase is duplicated one
or more times based on the lower (Repeat Minimum) and upper bounds (Repeat Maximum)
e.g., phase-1 occurred a single time while phase-2 is repeated multiple times. The reason
behind introducing these two bounds is that the number of repetitions varies among models for
the same appliance type. The use of lower and upper bounds can be used by the simulator to
provide more realistic data that reflects the variation among different manufacturers.
4.3 Simulator Data Generation
This section describes the approach used to generating a day of consumption data and the
processing of generating a single synthetic SUP.
4.3.1 SUP Generator
This section discusses the simulation of a single SUP, how the phases are repeated and how
the cycles are generated.
4.3.1.1 SUP Phases Simulation
In the SUP representation object, each phase is associated with a lower bound (RepeatMin)
and with an upper bound (RepeatMax). The number of repetitions of a phase is based on the
selection of random value in the interval [RepeatMin, RepeatMax].
repetitions = rnd(RepeatMin,RepeatMax)
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4.3.1.2 SUP Cycles Simulation
To simulate a cycle of an appliance, we first calculate the simulated cycle power psim using
the equation:
psim = prep ∗ (1 + α) , α ∈ (0, 1] (4.3)
where prep is the power value of the cycle in the representation object. A noise component
is added to the power value to make the power value more realistic in terms of randomness.
psim is the power value after adding the noise element and α is the Cycle Power Variation
Coefficient which is selected within the interval [−1, 1]. The value of α is chosen based on a
normal distribution with the assumption that µ = 0, σ = 0.2 so that the variation values are
mostly focused around the power value in the SUP representation prep. Also, since α ∈ [−1, 1],
the power variation could be positive or negative, so the simulated power value psim could be
more, less, or equal to the power values in the representation prep .
The second parameter that controls the shape of the cycle is the Duration Variation Coeffi-
cient β, which changes the duration of the simulated cycle proportional to the value in the SUP
representation as the equation:
dsim = drep ∗ (1 + β), β ∈ (0, 1] (4.4)
The value of β is obtained from a normal distribution function with µ = 0, σ = 0.2.
The Simulator uses Algorithm 1 to generate synthetic SUPs. The inputs of the algorithm is
the SUP Representation Object for an appliance. The output is a synthetic SUP for the specified
appliance for the specified mode. Lines 1 and 2 initialize the mode of the appliance and the
array that stores the power values of the synthetic SUP. Lines 3 to 16 is repeated for each phase
in the SUP representation object. Line 4 specifies the number of phases to iterate over within
the variation limits specified in the SUP representation object. Lines 5 to 14 is repeated for all
cycles in a phase. Line 6 initializes the array that holds the power values of the current phase.
Lines 7 to 13 iterate over all cycles in the current phase. Line 8 calculates the duration (as
number of samples) of the cycle based on the input representation and the variation coefficient.
Lines 9 to 12 loop over every randomly generated power value in the current cycle to simulate.
Lines 10 and 11 calculate the randomly generated power value and add this value into the phase
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power array. Line 14 joins the synthetic SUP power array with the current phase power array.
Algorithm 1: getSUP()
input : SUP Representation Object
output: Synthetic Single Usage Profile (SUP)
1 config = getRepresentationObject().getOperationMode() ;
2 SUPpower = [] ;
3 for i = 1 to size(con f ig.phases) do
4 repeat = randomBetween(config.repeatMin,config.repeatMax) ;
5 for j = 0 to repeat − 1 do
6 PhasePowers = [] ;
7 for k = 1 to size(con f ig.phases[i].cycles) do
8 duration = config.phases[i].cycles[k].duration*(1+ β ) ;
9 for l = 1 to duration do








4.3.2 Generating Daily Power Consumption
This section describes the generation of synthetic data for an appliance for one day. This is
accomplished in the following steps: First, the turn on times and operation modes are gener-
ated using the techniques described in Section 4.2.1 and Section 4.2.2. Second, the generation
of the synthetic SUPs. The generation of a synthetic SUP depends on the representation ob-
ject that is selected based on the operation mode determined in the previous step. Third, the
idle power values between synthetic SUPs is generated. These values correspond to the time
between SUPs that represents the rest of the day time when the appliance is turned off or idle
[6, 77] . These periods of time are represented by random low amplitude noise that correspond
to low consumption components of the appliance such as LEDs, displays, etc. This noise is
generated randomly and is tuned by Turn Off Noise Coefficient γ which we assume to take
values γ ∈ (0, 40) W based on the the consumption data in the dataset in Section 3.1.1.
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Algorithm 2: generateDayPowerUsage()
input : Turn on times distribution, Usage Intensity distribution, and SUP
Representation Object
output: One day of power usage for an appliance
1 ton = getRandomTurnOnTime() ;
2 mode = getRandomIntensity();
3 dayPowers = [] ;
4 SUP = getSUP(SupRepresentationObject);




9 for size(S UP) + ton to DayEnd do
10 dayPowers.add(randomBetween(0,γ));
11 end
12 return dayPowers ;
Algorithm 2 is used to generate one day of power usage including a single synthetic SUP
within this day for simplicity. The inputs of the algorithm are the following: Turn on times
distribution, Usage Intensity distribution, and SUP Representation Object. The output is sim-
ulated power consumption for a certain appliance for a single day. Lines 1 and 2 initialize
ton, and the synthetic SUP operation mode using the techniques described in Section 4.2.1 and
Section 4.2.2. Line 3 initializes the power array with the number of samples of the day. This
array stores the power values for the whole day. Line 4 generates a new synthetic SUP with
the generated operation mode from line 2. Lines 5 to 7 generate random power noise values
before the appliance is turned on. Line 8 appends the synthetic SUP power values to the day
power values at the specified turn on time. Lines 9 to 11 generate random power noise values
after the appliance is turned on .
4.3.3 Synthetic SUP Smoothing with Low-Pass Filter
A Smoothing Function or (Low-Pass Filter) is commonly used with time series data [45]
to smooth out short-term fluctuations (high frequency noise) and highlight longer-term trends
or the general shape of the data (low frequency wave). The threshold that defines short-term
and long-term depends on the application, and the parameters of the smoothing function is set
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accordingly.
Commonly used smoothing functions are the following: Moving Average and Moving
Median [110]. A moving median returns a set of local k-point median values, where each
median is calculated over a sliding window of length k across neighboring elements of the
input set. This window jumps one sample at a time and each jump produces a new median
value based on the neighboring samples enclosed by the window of length k. The Moving
Average is similar except it calculates the average of the values.
In the context of our work, a time series A represents power samples for an appliance.
A window of size k is selected from the time series A, the median is computed from all the
samples within the window. The window slides by one neighboring sample and the median of
the new k samples is computed. This process repeats until the number of values obtained from
the sliding window equals the size of A. We use a smoothing function to smooth the impact
of applying Cycle Power Variation Coefficient. Figure 4.4 shows the smoothing effect on a
synthetic SUP for a dryer.


















Figure 4.4: Synthetic SUP before and after smoothing.
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This work uses the moving median. The general shape of the appliance power consumption
data is square waves or with sharp (vertical) edges in the transition between different cycles.
The moving median maintains these sharp edges in place (time) while the moving average
distorts the edges and skews them so that the transition is smoother. Figure 4.5 shows two
different smoothing functions applied on the same input data. The moving median filter lines
up perfectly with the input data while the moving average skews around the edges.














Figure 4.5: The difference between using moving average and moving median in smoothing
the same input data.
4.4 Simulator Architecture
Figure 4.6 depicts the architecture of the simulator used with the inputs and outputs. The
SUP Representation Object is used to shape the simulated consumption data for a single usage.
The turn on time distribution is used determine the timing of which the activation of each
appliance take place. The Household Usage Intensity distribution is used to determine the
household the majority of the operation modes used over time. Tuning parameters are also
provided to the simulator to add variation and stochasticity to the output. These parameters
are the following: Cycle Power Variation Coefficient (α), Duration Variation Coefficient (β),
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Turn Off Noise Coefficient (γ), and the Smoother Window Size k. The output of the simulator
represents a simulated power consumption data for a single appliance in a single day.
This section graphically depicts the approach used by the simulator to generate simulated
consumption datasets. The SUP Representation Object is passed to the SUP Generator to
generate a new synthetic SUP. A smoothing function is applied to the synthetic SUP to cancel
out unwanted high frequency noise. Finally, turn on time ton, household intensity ih, and the
smoothed synthetic SUP are passed to the One Day Generator. In this module a group of turn
on times and operation modes are generated based on each SUP Representation Object. A
new synthetic SUP is generated and placed at the corresponding ton. This represents the power





























Figure 4.6: The Simulator components, inputs, and outputs.
The number of synthetic SUPs is determined by the number of sampled ton times through
the day. The location of each synthetic SUP is determined by the generated ton value. Also, the
operation mode of the synthetic SUP is defined by the sampled mode from the household inten-
sity distribution. lastly, the tuning parameters affect timing ton, power amplitude and the noise
outside the synthetic SUP. This plot resembles the general profile shape of the Preprogrammed
Loads class discussed in Section 3.2.3 that we will focus on in this study.
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4.5 Conclusion
In this section we introduced the Power Generation Simulator that generates synthetic
power consumption data on a daily basis for appliances. We discussed the parameters which
control the simulator output these parameters are turn on time distribution, household usage
intensity distribution, and SUP representation object.
CHAPTER 5
Single Use Profile (SUP) Detection
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With Demand Response, consumers are encouraged to use appliances in off peak hours.
This requires the need to detect when appliances are activated. Hence, we can advice the user
to shift the load or not based on the detected time. This chapter introduces a mechanism that
is applied to the generated daily consumption data to search for occurrences of an appliance
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Figure 5.1: The SUP Detector components, inputs, and outputs.
5.1 Detecting SUP Instances Within A Day
This section describes the steps required to identify usage occurrences of an appliance from
the daily consumption information for the appliance. Figure 5.1 shows the overall steps in the
SUP detection module.
5.1.1 The Reference Pattern
A time series is a sequence of data points indexed by time. We represent a daily time
consumption as a function D(t) where t is time and D(t) returns the data point associated with
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t within a single day. We use a reference pattern representing the start of a SUP. This reference
pattern is a sequence of data points. We represent the reference pattern as S (t) which returns the
data point that represents the power value associated with t. This chapter focuses on matching
the reference pattern to a subset of the time series represented by D(t).
The reference pattern is derived from a generated SUP by taking a slice of the generated
SUP corresponding to turning on the appliance. The slice is a subsequence of the generated
SUP. This sequence is represented by S (t). Figure 5.2 shows a SUP with a sliced reference
pattern at the the start of the SUP.











Figure 5.2: A SUP template for a dishwasher showing different cycles. A reference pattern
with size n is sliced at the very beginning of the template SUP.
5.1.2 Smoothing Day Power Consumption
The one day usage data that is simulated and ready to pass to the correlation step, it is
filtered by a smoothing component. We use a low pass filter with a moving median function
with sliding widow of size n. We use a low pass filter to remove the high number of frequency
fluctuations from the time series. This allows us to more clearly see trends.
5.1.3 Cross Correlation (XCorrelation)
This section discusses the definition of cross correlation and how it is used to determine if
an appliance has been activated.
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5.1.3.1 The Definition Of Cross Correlation
In time series analysis, cross-correlation [40] (or moving correlation or running correla-
tion) is a measure of similarity of two series as a function of the displacement of one series
relative to the other series.
Assume two time series represented by f (t) where t ∈ [1, n] and g(t) where t ∈ [1,m] and
n < m. The cross-correlation, X(t), for f (t) with g(t) at different points of time is defined as
follows:
X(t) = ( f ? g)(t) =
∞∑
k=−∞
f (k)g(k + t)
assuming that the number of moving windows is finite, we define the equation for cross corre-
lation as follows:
X(t) = ( f ? g)(t) =
n∑
k=1
f (k)g(k + t) (5.1)
Another option is to use the absolute difference instead of multiplication such that:
X(t) = ( f ? g)(t) =
n∑
k=1
∣∣∣ f (k) − g(k + t)∣∣∣ (5.2)
If we use the absolute difference, the correlation function X(t) between S (t) and D(t) is the
following:
X(t) = (S ? D)(t) =
n∑
k=1
∣∣∣∣S (k) − D(k + t)∣∣∣∣ , t ∈ [1,m − n] (5.3)
where m represents the number of daily samples in D(t) and n is the number of samples used
in S (t). The use of absolute difference instead of multiplication is due to the resulting huge
numbers (13-14 digits) that is hard to deal with when we use multiplication. while the absolute
difference produces manageable number length.
After the cross correlation function X(t) is calculated, a normalization step [10] takes place
to invert X(t) over the y-axis by subtracting all correlation values from the average of the
maximum power value for both S (t) and D(t). This normalization makes the similarity between
the two functions relative to their maximum values. Therefore, the two functions are more
similar when the normalized correlation value is closer to the average of maximum values
found in the sequences represented by S (t) and D(t). The normalized cross correlation function
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X(t) is the following:
X(t) =







∣∣∣∣S (k) − D(k + t)∣∣∣∣ , t ∈ [1,m − n] (5.4)
5.1.3.2 Visual Intuition Of Cross Correlation
This section visually illustrates cross-correlation. Figure 5.3 shows a graphical depiction
of the two functions S (t) and D(t) used in the cross correlation operation and shows the output
of the cross-correlation X(t). The function S (t) is shown in Figure 5.3 (a). The function repre-
sents 600 samples. Second, the cross correlation function X(t) between D(t) and S (t) is shown
in Figure 5.3 (b). D(t) shows an idle time from midnight till 9:00PM. When the appliance is
turned on, the SUP appears from 9:00PM - 9:30PM. The plot then shows an idle period until
midnight. Third, X(t) as shown in Figure 5.3 (b) and shows almost a constant function from
midnight until turning the appliance on at 9:00PM which means that there is no significant
changes in the value of X(t). The fluctuation in the value of X(t) starts around 8:50PM as il-
lustrated in Figure 5.3 (c) which depicts a zoomed in view for the period 8:45PM to 9:45PM.
These fluctuations represent the overlap between the two correlated functions. Higher values of
X(t) means that there is more overlap present between the functions, therefor, higher similarity
between the functions. The correlation function X(t) shows its maximum value at approxi-
mately 9:00PM, which means that the potential SUP that is being searched for starts at this
time. The turn on time of the appliance in D(t) is observed at 9:00PM as seen in Figure 5.3 (c)
representing the maximum value of X(t).
The formulation of the cross correlation curve is illustrated in Figure 5.4 which shows the
sliding reference pattern moving over time through three example points (a,b,c). At point
(a) the reference pattern S (t) overlaps with the day consumption D(t) at the start of D(t).
The overlap is almost perfect since both functions have the same shape at this point of time.
Both functions contain a large cycle and then a few smaller cycles. The green shaded area
corresponds to the correlation value X(t), which is at its maximum value across the entire
period. At point (b) the reference pattern slides forward making the overlap with D(t) smaller
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(a) Reference Pattern with n=600 samples
00:00:00 06:00:00 12:00:00 18:00:00 00:00:00






(b) Cross correlation over the day
X(t): Cross Correation
D(t): Day Power (W)
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(c) Cross correlation zoom in
Figure 5.3: (a) The reference pattern represented by the function S (t). (b) The cross correlation
plot X(t) and the day consumption function D(t) over the day time. (c) A zoom in version from
(b) focusing on the period where the the appliance is activated.
in value. The overlapping at this point of time represents a local minimum in X(t) since both
curves are almost out of phase. At point (c), S (t) slides forward and again become in-phase






Figure 5.4: The reference pattern function S (t) sliding over day consumption function D(t)
through three points (a,b,c)
with the day consumption curve with the overlap rising to a local maximum. However, at
this point, X(t) is at local maximum despite the in-phase situation. That is because the larger
cycle of the reference pattern is overlapping with a smaller cycle in D(T ) leading to a smaller
correlation value.
5.1.4 Low Amplitude Cancellation
We use X(t) to determine the potential turn on times. It is infeasible to consider all times at
the local maximums of X(t) as potential turn on times since D(t) could contain multiple periods
where there is not a considerable level of similarity with the reference pattern. Also, the noise
contained within the correlation function may cause local maximums even after a smoothing
function is applied. To overcome these problems we introduce a Low Amplitude Canceling
Coefficient δ that limits the range of where to look for the local maximums. The role of the
δ coefficient is to cancel out all values of X(t) that is lower than a threshold τ determined by
δ, so that the residue function X(t) of the correlation function after applying δ is the periods
that contain the local maximums that is greater than τ. The value of δ is selected with the
assumption that δ ∈ (0, 1). It is then multiplied by the average of the two absolute maximum
values found in S (t) and D(t). The result of this multiplication is the threshold value τ. The
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residue function then is defined as the following:
X(t) = X(t) − τ (5.5)
Where the value of the threshold τ is calculated as follows:
τ = δ
(
Max(S (t)) + Max(D(t))
2
)
, δ ∈ (0, 1) (5.6)
Figure 5.5 shows the plot of X(t) of the previous correlation example in Figure 5.3. It
shows also the residue function X(t) zoomed in around the period of time where X(t) > 0 where





























Figure 5.5: (a) The positioning of the threshold τ relative to the residue function X(t). (b) A
zoomed in version of X(t). The plot shows the absolute maximum Xmaxi for each tip of spike i
enclosed in the period pi = [pstarti , p
end
i ]
5.1.5 Determining Peaks Of The Residue Function
This section focuses on extracting the turn on times from the residue function X(t). Figure
5.5 (b) shows the plot of X(t). Since X(t) is a trimmed version of X(t) where X(t) is thresholded
by τ value to produce X(t), then X(t) equals to zero all the time except for short periods of
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time. These periods of time are what remained from X(t) after applying the threshold τ. X(t)
contains isolated periods of time where the value of the correlation is relatively the highest
among the entire period of the day. The shape of the X(t) is a group of continuous concave
down curves that resembles the highest values of X(t) where X(t) > τ. Therefore, the position
of the potential turn on time would be at the absolute maximum of each of these concave down
curves. These periods in Figure 5.5 are p1, p2 where p1 = [pstart1 , p
end





These periods have their own absolute maximum values at pmax1 , p
max
2 respectively within their
domains. This maximum value represents the highest value of the cross correlation at this
period, which means that the time when this maximum values occur is a potential turn on time.
Consequently, the absolute maximum in p1 is Xmax1 at t = p
max
1 , and the absolute maximum in
p2 is Xmax2 at t = p
max




2 } is the set of the potential turn on
times.
Algorithm 3 shows the pseudo code for detecting turn on times. The way that the algorithm
gets the times of the peaks is by looping over every single point in X(t) and flag when a point
is located on the x-axis right after a point positioned above the x-axis, or vise versa. Line 1
calculates the value of the threshold τ, and the values of X(t) is calculated in line 2. In line 3,
the flag OnGround is initialized to true. This flag indicates weather the value of X(t) is positive.
Line 4 initializes two pointers: start and end. These two pointers indicate the index of the start
and the end of each tip in X(t) as depicted in Figure 5.5. Line 5 initializes the reference pattern
size, and line 6 initializes the turn on times set. Lines 7 to 19 loops over all values of X(t) to
check their positions. Lines 8 to 11 checks if the current X(t) value is positive and the previous
is zero, it then lowers the OnGround flag and sets the start pointer. Lines 12 to 18 checks if
the current value of X(t) is zero and the previous value is positive. It then raises the OnGround
flag, and sets the end pointer. It then gets the index (time) of the absolute maximum in the
period [start, end], adds this time to the turn on times set, and finally resets the start and end
pointers.
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Algorithm 3: getTurnOnTimes(X,δ)
input : Cross Correlation sequence X, Low Amplitude Canceling Coefficient
δ,Reference Pattern sequence S, One Day Usage sequence D
output: Turn On Times Set T
1 τ = δ× (max(S)+max(D)/2 ;
2 Xbar = X - τ ;
3 onGround = true;
4 start = end = -1;
5 k = size(S);
6 T = [] ;
7 for i = 1 to size(D) − k do
8 if onGround AND Xbar[i] > 0 then
9 onGround = false;
10 start = i;
11 end
12 if !onGround AND Xbar[i] <= 0 then
13 onGround = true;
14 end = i;
15 ton =X.getIndexOfMaxBetween(start, end);
16 T.add(ton);
17 start = end = -1;
18 end
19 end
20 return T ;
5.2 Conclusion
In the previous sections we discussed how to get a simulated day consumption data and
search for SUP instances within this day, trying to find out what times does the SUP is activated
through the day. We saw how we chose a reference pattern function that is capable of detection
different SUPs in different modes of operation for the same appliance. Also, we explained the
cross correlation function and how the correlation curve indicate the similarity between the
two correlated functions. Finally, we introduced a trimming mechanism to eliminate the less
probable periods of time that have potential turn on times for the appliance. Then we discussed
the algorithm that extracts the potential turn on times for the residual Correlation function and
pass this set of times to the next module which will determine the mode of operation that each
SUP belongs to.
CHAPTER 6
Single Use Profile (SUP) Classification Based On Dynamic
Time Warping (DTW)
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Chapter 5 presents a method that determines when an appliance has been activated. For
each time that the appliance has been activated we need to determine the appliance operation
mode. This requires a comparison of the time series at the point that the appliance has been
activated and the reference patterns for each of the operational modes. This chapter describes































Figure 6.1: The DTW Classification module and the connections with other modules.
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6.1 Dynamic Time Warping (DTW)
We use Dynamic Time Warping (DTW) algorithm for measuring the similarity between
two temporal series, which may vary in speed or phase [109]. Let us consider two sequences
X = {x1, x2, ..., xn} of length n and Y = {y1, y2, ..., ym} of length m. The DTW distance between
X,Y denoted by D(X,Y) is defined as follows:
D(X,Y) = f (n,m) (6.1)
f (i, j) = φ(xi, y j) + min

f (i, j − 1)
f (i − 1, j)
f (i − 1, j − 1)
f (0, 0) = 0,
f (i, 0) = f (0, j) = ∞
i ∈ [1, n], j ∈ [1,m]
(6.2)
The values of n and m represent the lengths of the two series. φ(xi, y j) is a cost function that
computes the distance between two points xi, y j. There are many distance functions that could
be used in the algorithm e.g., Euclidean Distance where φ(xi, y j) = (xi − y j)2 or Manhattan
Distance where φ(xi, y j) = |xi−y j| etc. Figure 6.2 provides a numerical example for computing
DTW distance between two sequences.
6.2 Day Consumption Segmentation
Let us assume that an appliance runs in n operation modes denoted by M = {m1,m2, ...,mn}.
The daily consumption is represented by D(t) which contains subsequences representing appli-
ance usages. For each mode mi the reference pattern is represented by Pmi(t) where kmi is the
size of a single usage profile for the operation mode mi.
A segment Gmi(t) is a sub-sequence of the daily consumption function D(t), starting from
the point of the turn on time ton and with the size kmi representing the size of operation mode
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= |Ri - Vj| + min(Q(i,j-1),Q(i-1,j),Q(i-1,j-1),)
= |3-3| + min(4,8,6)
= 4
= |Ri - Vj| + min(Q(i,j-1),Q(i-1,j),Q(i-1,j-1),)
= |4-1| + min(   ,2,   )
= 5
8 8
Figure 6.2: The calculations used to fill out the distance matrix. Souza [97]
mi. This is defined as follows:
Gmi(t) = D(x) : x ∈ [ton, ton + kmi] (6.3)
For each reference pattern Pmi(t) for an operation mode mi and turn on time ton, segments
of the daily consumption, D(t) can be extracted using Eq. (6.3) .Figure 6.3 depicts the inputs
to the segmenter.






Figure 6.3: The segmenter inputs and outputs.
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The segmentation is visually presented in Figure 6.4. In part (a) D(t) is shown, and the
segmentation starting point is indicated by the vertical dashed line at ton. The segments sizes
are highlighted in different shades so that each shade corresponds to the size of the segment for
a specific operation mode. Section (b) shows the generated reference functions Pmi(t) that are
used to specify segments sizes {km1 , km2 , .., kmn}. Lastly, in (c) the segment functions Gmi(t) are
listed, each segment function is displayed across the corresponding reference function prepar-
ing them to be compared by the DTW algorithm.





























Figure 6.4: Visual representation for the segmentation.
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6.3 Classification of SUPs Based On DTW Distances
This section describes how DTW determines the operation mode being used or each SUP.
The DTW algorithm uses two inputs which are two functions representing sequences. It then
performs a calculation to find the distance (or similarity) between these two functions as the
output. Figure 6.4 shows the inputs and the outputs of the DTW algorithm. The DTW is
invoked n times where n equals the number of reference patterns representing operation modes
for an appliance. For each reference pattern and the corresponding segment, the distance is
calculated.
Let X denote the sequence represented by Pmi(t) and let Y represent the sequence Gmi(t).
The DTW distance is formulated as follows:
di = DTW(X,Y)
M = {m1,m2, ...mn}
(6.4)
The value of the distance calculated by DTW is inversely proportional to the similarity.
Thus we assume that the most similar reference pattern is the reference pattern with the mini-
mum distance. This means that the mode m∗ with the minimum distance d∗ that is the operation
mode of the appliance at the SUP detected at ton as:
d∗ = min(d1, d2, ..., dmi)
6.4 Conclusion
In this chapter we discussed the problem of recognizing certain SUPs within a day con-
sumption and classifying the instance into the proper operation mode that most likely run with.
The technique we used is based on time series processing started by forming references with all
operation mode possibilities that is configured in the appliance. Then extracted segments from
the day with equal sizes for each reference. These segments are taken at the detected turn on
time. After that, we used DTW algorithm to measure the similarity between reference-segment
pairs in order to find the most similar pair among the constructed pairs. We found that the op-
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eration mode corresponds to the SUP instance within the day is the the mode of the reference
that has the least DTW distance with its corresponding segment.
CHAPTER 7
Single Use Profile (SUP) Classification With K Nearest
Neighbors (KNN)
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In this chapter we propose a machine learning based approach to classify the operation


















Figure 7.1: The basic architecture for the classification.
7.1 Feature Extraction
Chapter 5 presents a method that determines when an appliance has been activated. For
each time that the appliance has been activated we need to determine the operation mode.
This requires a comparison of the time series at the point that the appliance has been activated
and the reference patterns for each of the operational modes. This approach is discussed in
Chapter 6.
This section discusses the approach of extracting features from the the detected SUP. These
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features are represented the cycles that form a SUP. Each cycle is characterized by two abrupt
changes in the power value. These features are used by the classifier to classify the detected



















Figure 7.2: Edge detector architecture.
7.1.1 Edge Detector
The classification of the detected SUP into operation modes requires determining the cy-
cles (as described in Chapter 4) that form the SUP.
The day consumption is represented by D(t). Given a turn on time for a SUP, ton, we define
D′(t) as follows:
D′(t) = D(t) : t ∈ [ton,midnight] (7.1)
where D′(t) represents the consumption after the turn on time to the rest of the day. A median
smoother function is then applied to D′(t) to remove low amplitude noise component.
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Edge detection is based on the Moving Step-Test (MST) [35]. MST is characterized by the
following equation:
I(t) = |mt+` − mt−`| (7.2)
where I(t) is defined as the Indicator Function. In this work mt+` is the median value of the
power consumption of the sequence that starts at D′(t) and ends at D′(t + `) and mt−` is the
median value of the power consumption values that starts at D′(t − `) and ends at D′(t). The
median function is chosen over the mean since the median gives more accurate edge location
since it eliminates the presence of points that are located at the other end of the transition
around the edge.
If the value of I(t) is higher than a certain threshold, this indicates the start or the end of a
cycle. Each period of time (ts, te) where I(t) is greater than the threshold forms a Thick Edge
i.e, a thick edge is period of time defined by a starting time ts and ending time te where I(t)
is greater than a certain threshold. A thick edge in I(t) indicates that the values of the two
medians mt−` and mt+` are far from each other.
A cycle is defined by two abrupt changes in the value of D′(t). An abrupt change in D′(t)
is a single point of time tm ∈ (ts, te) which is referred to as Exact Edge. Exact edges are

















Figure 7.3: The response of the indicator function I(t) for the abrupt changes in D′(t).
The function I(t) facilitates finding abrupt changes in D′(t), rather that looking directly in
D′(t) for finding the abrupt changes. These abrupt changes in D′(t) occurs in different power
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levels i.e., an abrupt change could occur when the value of D′(t) is around 5W and jumps to
500W, or it could jump from 3000W to 5000W. Also, abrupt changes in D′(t) occur from lower
values to higher values or vise versa i.e., an abrupt change could occur when the value of D′(t)
is around 5W and jumps to 2500W or from 2500W to 5W. On the other hand, I(t) shows all the
abrupt changes in D′(t) in a single reference i.e., whenever there is no abrupt changes in D′(t),
I(t) shows a value close to zero. Also, whenever an abrupt change occurs in D′(t), I(t) shows a
spike with high value in a short period of time.
The threshold τ depends on the standard deviation of I(t) and Low Amplitude Canceling
Multiplier ζ. This multiplier adjusts the threshold in order to cancel whatever values of I(t)











Figure 7.4: The formation of I′(t) after placing the threshold line τ.
The value of the threshold τ is defined as follows:
τ = ζ × σ(I(t)) : ζ ∈ Z+ (7.3)
The trimmed version of I(t) as presented in Figure 7.4 defines I′(t) as the following:
I′(t) = I(t) − τ (7.4)


























Figure 7.5: Thick edges extraction from I′(t) as list of pairs.
We use I′(t) to determine the thick edges , E, within a SUP such that:
E = {e0, e1, .., en−1} where n is the size of E
ei = (tsi, tei) : 0 ≤ i < n
(7.5)
where tsi and tei represent the start time stamp and end time stamp of thick edge i respectively.
Figure 7.5 illustrates the extraction of the thick edges. It shows the plot of I′(t) and a list of
pairs of time-stamps. The ith pair defines the start time (tsi) and end time (tei) of the ith thick
edge.
7.1.2 Cycles Extractor
In this section, we discuss the process of extracting cycles of a SUP based on the thick
edges determined in Section 7.1.1.
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7.1.2.1 Edge Thinning
Edge thinning refers to selecting the point of time tm of the exact edge from a thick edge
(ts, te). We pick tm such that it falls in the middle of the thick edge, so tm is defined as:




where ts is the start time of the thick edge and te is the end time of the thick edge. Eq. (7.6) is
applied across all thick edges in E. All thick edges are thinned and grouped in the Exact Edges
Set X = {tm0 , tm1 , tm2 , ...tmn , } where tmi represents the i
th exact edge and n is the number of thick
edges, consequently, equals the number of exact edges.
Figure 7.6 (a) demonstrates edge thinning where plots of I′(t), D′(t) are shown. The set
of thick edges E is displayed as pairs of times (ts, te). These time stamps are shown in Figure
7.6 (a) as gray dotted lines surrounding each thick edges in both sides. As the definition of the
exact edge tm in Eq. (7.6), exact edges set X are displayed as the yellow time stamps pointing
to the middle of each thick edge period with a dashed green pointer.
7.1.2.2 Extracting Cycles
The next step is to extract cycles of D′(t) where each cycle is defined by two consecutive
exact edges {tmi , tmi+1} and the power value of this cycle mi. To calculate the power value for
the cycle i, we define the sequence Y as the power values of D′(t) between the two exact edges
[tmi , tmi+1]. We then calculate the median of Y such that:
mi = Median(Y) : t ∈ [tmi , tmi+1] (7.7)
The calculations of the cycle values are demonstrated in Figure 7.6 (b). The exact edges
are displayed in yellow boxes pointing upwards towards D′(t) with dashed green lines. The
cycle power is defined by the median of D′(t) between two adjacent exact edges. This is
depicted as a black horizontal line representing the cycle’s power value within the exact edges
(tmi, tmi+1).
Finally, the cycles set C is formed by collecting what defines a cycle into single tuple,
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Figure 7.6: (a) Edge thinning. (b) Extracting the exact edges. (c) The cycles set.
where each tuple ei hold the start time, end time, and the power value. Therefore, the cycles
set C with n tuples is defined as the following:
C = {e0, e1, .., en−1} where n is the size of C
ei = (tsi , tei ,mi) : 0 ≤ i < n
(7.8)
where, the cycle i is defined by the enclosing two exact edges, tsi the edge at the cycle start,
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and tei the edge at the cycle end, and the power value of the cycle mi.
Figure 7.7 shows the steps to extract the features. Figure 7.7 (a) shows the D′(t) after
smoothing in order to detect edges and extract cycles. In Figure 7.7 (b) the cycles are extracted
in the cycles set C. Then using this set, a traced version of D′(t) is sketched based on the
information enclosed in the cycles set C.
7.1.3 Clustering Cycles Into Levels
This section discusses the use of the cycles set C to extract features that is used to classify
the detected SUP into the operation mode.
7.1.3.1 Clustering Cycles Using K-Means Algorithm
In this section, the goal is to cluster the cycles in C into clusters based on the power level of
each cycle. We chose the k-Means Clustering Algorithm [65, Chapter 20]. K-means algorithm
is considered a good choice for numerical based features as stated by Niennattrakul et.al.[75].
The observations that are fed to the k-means algorithm consist of the power level mi for
each cycle ei ∈ C except the last cycle en−1. This cycle represents the rest of the day in case
of a single SUP detected, or it represents the time period between multiple detected SUPs.
During this cycle the power value is close to zero which corresponds to a turned off appliance,
which is not part of the SUP to be classified. The observations set B = {m0,m1, ...,mn} where
mi is the cycle ei ∈ C power level, and n is the number of SUP cycles. The k-means algorithm
requires the definition of the number of clusters k in advance. Therefore we choose the value
of k based on the data the we have analyzed in Chapter 3. We choose k = 3 since the power
values of the cycles for all appliances that we analyzed is three power levels. Therefore, K-
Means algorithm produces k mutual exclusive clusters sets L0, ..., Lk−1 where the union of all
the clusters represents the observation set such that:
k⋃
i=0
Li = L1 ∪ L2... ∪ Lk−1 = B
K-Means computes k centroids set R = {r0, r1, ..., ri, ..., rk−1}. Each centroid, ri , represents
the center point where all the elements m j belong to the cluster Li have minimum distance with.














Figure 7.7: (a) The smoothed function D′(t). (b) a traced version of D′(t) using the cycles
extracted. (c) The cycles in different colors based on the power value of each. (d) Cycles
clusters.
Figure 7.7 (c) shows an example of the cycles in different colors based on the power value
of each cycle. The three highlighted areas indicated by the centroid values points r1, r2, r3 show
the power range for each group of cycles.
The features set X is calculated based on the clusters in B, plus the centroids set R. We first
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sort the cluster ascending order based on the centroid value for each cluster such cluster 0 has
the lowest centroid value and cluster k − 1 has the highest centroid value. We then use each
cluster Li to define a feature xi in the features set X. Therefore, the feature set X is defined as:
X = {x0, x1, ..., xk−1} (7.9)
where each feature xi is defined as the total duration of the cycles e j within the cluster, Li,
multiplied by the average power level of the cluster, which in this case is the value of the




|te j − ts j | (7.10)
where te j , ts j are the two points of time which define a cycle, as stated in Eq. (7.8). Figure 7.8
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Figure 7.8: Visual representation for feature calculation.
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7.2 Classification Of SUP To Operation Modes
This section discusses the classification method of the SUPs into operation modes based
on the features set X that is calculated based on a clustering mechanism for the SUP cycles.
7.2.1 Training Data
Since we are solving our main problem using a classification technique, it is necessary to
have a dataset that is used to train the KNN model. In other words, because of the nature of the
KNN algorithm which is a lazy learning algorithm, it is important to initialize the KNN model
and compute initial values for its centroids so that it can later on work online and classify any
new queries. This initialization is considered as a kind of training stage for the KNN model
which can not be obtained without an already labeled dataset.
The training dataset we use is a synthetic dataset which is generated by our simulator dis-
cussed in Chapter 4. The dataset consists of three subsets, where each subset consists of 4000
observations for certain appliance (dishwasher, clothes dryer, clothes washer). The training set
that is generated to train the KNN model consists of a group of observations where each obser-
vation represents a single SUP as a set of features X with size k as defined in Eq. (7.9). A SUP
is generated, then using the Representation Object the average power value mi of each cycle
type is calculated. Afterwards, Eq. (7.10) is applied to calculated the value of each feature xi.
This is done for each operation mode to each appliance.
The model demonstrated in Figure 7.1 shows that the classification module depends on
the data generated from the simulator. The simulator generates a synthetic dataset that consists
of all possibilities of operation modes for appliance SUP with variations through changing
tuning parameters that makes the dataset diverse. The simulator is already configured by giving
the description of the SUP cycles in terms of duration, power level, and repetition. Since
all this information is already known by the simulator, it is straight forward to convert these
configurations into a form of feature vector that matches what we have described in this chapter.
92 Chapter 7. Single Use Profile (SUP) ClassificationWith K Nearest Neighbors (KNN)
7.2.2 K-Nearest-Neighbors KNN Algorithm
The algorithm we use in the classification is the K-Nearest-Neighbors (KNN) [18]. It is a
classification algorithm that is based on a voting scheme. An item is classified by a plurality
voting of its neighbors. The item is then assigned to the class most common between its k
nearest neighbors where k > 0. For example, If k = 1 the item then is assigned to the class of
that single neighbor.
One of the advantages that KNN gives to our study is that KNN is a Lazy Learning Algo-
rithm. This means that the generalization of the training set is postponed until a query is made
to the algorithm. In other words, KNN keeps track off (at most) all available data all the time
until a query of classification is made so it does the calculations for all the available data with
the query. In contrast with the Eager Learning Algorithms, the training set is summarized into
a model so that when a query is made the model is enough to do the decision apart form using
the training data again.
Another advantage for using KNN is its suitability for Online Recommendation Systems
such online stores that recommend certain items to the customer [51]. The reason for its suit-
ability is that the data is continuously updating, as it updates part of the data my be considered
obsolete because of certain trend in the market. Therefore, summarizing the available data into
a model and classify upcoming queries based on this model my lead to low precision results.
As the feature set is extracted (see Section 7.1), the features set takes the form X =
{x0, x1, .., xi, .., xk−1} where k is the number of features in the features set. Then both train-
ing set and features set are fed to the KNN classifier in order to classify each SUP into one of
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In this chapter we present the implementation. Figure 8.1 shows the architecture used
in the application development. We used the Model View Controller (MVC) design pattern
with the N-tier software architecture. MVC provides separation of concerns between the data,
functionality, and presentation. N-tier provides layering concept that gives fine grain separation
of concern within each component of the MVC [93].
Three different endpoints are shown in Figure 8.1: DB server, web server, and a client.
• DB Server: The DB server stores the data in database. This database is managed by a
Database Management System (DBMS) to create the tables and seed them with initial
data. We used Microsoft SQL Server (MSSQL Sever).
• Web Server: This is the web server that hosts the web application. We used the Internet
Information Services Express (IIS).
• Client: Which is in this case a web browser.
8.1 The Database
We use Microsoft SQL Server 2018 (MSSQL) Database engine [70]. The Entity Relation
Diagram (ERD) is depicted in Figure 8.2. This is a graphical representation of our system
that depicts the relationships between the system entities which include people, objects, and
concepts with the attributes that define each entity [102].
The following is the description of each entity:
1. Household: This entity represents a single household. It is identified by a serial number
(ID), a household name (name), and it has a usage intensity attribute (UsageIntensity)
which correspond to level of intensity this household belongs to. The (UsageIntensity)
attribute takes one of the following values: High, Medium, and Low, as discussed in
Section 4.2.2.
2. ApplianceType: This entity refers to the different appliances that could be used in a
house. It is identified by a serial number (ID), and a name (Name). The values of
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Figure 8.1: The architecture of the application.
this entity are the names of appliances monitored. The appliances include: dishwasher,
clothes washer, clothes dryer.
3. OperationMode: This entity corresponds to the operation mode that has been used when
activating a certain appliance. It is identified by a serial number (ID), and a name (Name).
The values of this entity are the operation modes that can be run by the appliances, these





































Figure 8.2: Entity Relationship Diagram (ERD)
operations modes are: Light, medium, and heavy.
4. ApplianceDay: This entity refers to a single day of consumption for an appliance that is
run by certain household. The activation time is specified by the attribute (TimeOfUse).
5. ApplianceDayPower: This entity corresponds to the power samples that belongs to a
single day. Each power sample has a value in watts (Power) and identified by a serial
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number (ID).
6. SUP: This entity represents the Single Usage Profile (SUP) for an appliance using a
specific operation mode.
7. SUPPower: This entity corresponds to the power samples that belongs to a single SUP.
Each power sample has a value in watts (Power) and identified by a serial number (ID).
8.2 The Web Application
This section discusses the components used in building the web application.
8.2.1 ASP.Net
We used The ASP.NET framework to develop our system. Model View Controller (MVC)
is an open source web application framework from Microsoft, which applies different design
patterns such as the traditional Web Forms and the Model View Controller (MVC). It is now
an open-source software under the Microsoft Public License (MS-PL) [69], apart from the
ASP.NET Web Forms component which is proprietary[20]. ASP.Net propose different devel-
opment environments that suits different preferences and situations.
In this work, we used ASP.net MVC framework with C# as a backend development lan-
guage. The development took place using Microsoft Visual Studio 2019.
8.2.2 Model View Controller (MVC) Framework
The MVC pattern splits an application into three parts: the Model, the View and the Con-
troller. A Model represents the application data that is part of the persistent state and also
contains the logic for accessing and manipulating this data. The View is used for rendering the
state of the model. The Controller is responsible for translating user input into actions to be
handled by the model. Moreover, it is responsible for selecting what to view based on the user
inputs and the resulting operations of the model [43]. Figure 8.3 shows the MVC architecture.
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Figure 8.3: Model View Controller (MVC) Design Pattern Architecture
8.2.3 The Model
The Model component corresponds to all the related data logic that the user deals with. It
includes the data itself and the logic behind processing and communicating this data. In this
work, the data comes from two main sources: The file system , and the database. First, we store
three different files in the file system and our application read them through file steaming. These
files are the SUP configuration object as a JSON file, the household usage intensity and turn on
time distributions as simple CSV files. Second, the data stored in the database fetched using
an Object Relational Mapper (ORM) which is a technique that is used to query and manipulate
data from a database using an object-oriented programming languages.It encapsulates the logic
needed to process the data from and to the database. We use Entity Framework (EF) [71] as
the ORM implementation that is provided by Microsoft. EF produces classes and facilitates
reading and writing data back and forth from the DB. In case of querying the DB, it retrieves
the data as objects of the mapped classes, or as arrays of these objects in case of vector results.
To execute custom queries and send arguments, we introduce a layer on top of the EF
that serves as container for the queries to the DB. This layer is the Data Access Layer (DAL).
DAL contains functionality for Creating, Returning, Updating, Deleting (CRUD) items into the
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database, plus the custom queries. In this layer, each entity (or class) has its own repository of
functions to read and write the data. The other main role for DAL is to convert Entity Objects
(EOs) produced by EF, to Data Transfer Object (DTOs). A data transfer object is an object that
carries data between functions in different conceptual layers. What is different about a DTO
is the data and functionality hiding, since this object is then exposed to the upper layers, then
to the end user. For example, the table ApplianceType has the attributes ID, Name. The EO
which corresponds to it is a class ApplianceType that has the fields ID, Name. Since the user
is only interested in the Name of the appliance, not the ID, a DTO is produced with the name
dtoApplianceType that has only the Name field.
8.2.4 The Controller
The controller is responsible for controlling the application’s logic and coordinates be-
tween the View and the Model. The controller receives data from the users through the View
or from the DB through the Model. The controller then processes this data, and either passes
the results to the View or push the data to the DB via the Model. In our implementation, we
divided this component into two layers: The Business Logic Layer (BLL) that contains the
core business logic of the application , and the Application Programing Interface (API) Layer
which exposes the data to the front-end.
8.2.4.1 The Business Logic Layer
In this layer, all the algorithms proposed in this work is fully implemented. This layer is
divided into five maim components:
1. The Simulator Component: This component implements all the functionalities used
by the simulator. We implemented the ITS algorithm using hash tables to get random
samples of usage intensity and turn on times. The algorithm that reads the SUP repre-
sentation object and translate this representation with the phases and cycles into a list of
integer power values that represent a single SUP. Also the algorithm that puts an SUP at
the specified time of the day is implemented.
2. The SUP Detector Component: This component contains the implementation for the
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templates slicing mechanism, the cross correlation process, low amplitude cancellation,
and the peaks detector.
3. The DTW Component: This component mainly focuses on the implementation of the
DTW algorithm. We implemented the basic DTW algorithm but we didn’t use the recur-
sive version since it is expensive in terms of processing time. Instead, we implemented
the DTW algorithm using 2D array. Also in this component we implemented the seg-
mentation mechanism of the daily power list and and classification logic for SUPs.
4. The Machine Learning Component: In this component we used a ready made machine
learning framework that is built on top of .Net framework using C#. We used Accord.Net
[3]. The Accord.NET Framework is a free .NET based machine learning framework
that is capable for building production grade computer vision, signal processing, and
computer audition applications. In this work, we used the core functionalities of the
framework with the machine learning module to complete our clustering in k-means and
classification in KNN.
5. The Statistics Component: This component contains the implementation for all statis-
tics functions that is not supported by the .Net framework. For example, the mean, maxi-
mum, minimum are ready made functions in .Net. On the other hand, an implementation
from scratch is performed for functions such as median, mode, slandered deviation. Also
we implemented the smoothing filters such as moving average and moving median.
8.2.4.2 The API Layer
This layer contains the final functionality that is exposed as RESTful APIs to the View or
other applications that can integrate to our system over HTTP. We utilize the ASP.NET WebAPI
to achieve this.
The ASP.NET Web API is an expandable framework for building HTTP based web ser-
vices. These services can be accessed and consumed from different applications using different
platforms such as web , windows, mobile etc., regardless of the invoking language. It sends
the results on invoke as HTTP Response that takes many formats. We configured our API to
respond to the requests as JSON format. For example, an API service is getAllHouseholds(),
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this service pulls all the available households in the database, convert the names of these house-
holds into an array of strings and encapsulate this array within a JSON object. This object is
returned back to the invoker as a body inside an HTTP Response.
8.2.5 The View
The View is known also as The Presentation Layer (PL). This layer is responsible to deal
directly with the end user. It has two main duties: First, it renders the data consumed from the
back-end. Second, it manages the data and interactions performed by the end user. We utilized
the following technologies in the presentation layer: jQuery, and Bootstrap.
8.2.5.1 jQuery
jQuery is a free open-source JavaScript library designed to make it easier for developers
to manipulate and traverse HTML DOM tree, as well as event handling, CSS animation, and
AJAX. jQuery simplifies listening to the controls events that is fired by user interaction, and
simplifies the code required to collects forms data, initiate AJAX requests to the server and
post form data, receive AJAX responses that contains data from the server, and bind the data
back to the controls and forms in the web page.
8.2.5.2 Bootstrap
Bootstrap is an open-source front-end framework developed by Twitter. It is a combination
of HTML5, CSS3, and Javascript code designed to build user interface components in the
client side, without the intervention of the server. Bootstrap is a free toolbox for creating a web
application. It has all the common web controls that suits all kinds of controls that is used to
gather inputs from the end user or to display server data to the end user.
8.3 The Hardware
The hardware setup used for deploying the prototype is a PC with Intel(R) Core(TM)
i5-7500T CPU @ 2.7GHz Quad core with 8GN RAM. The operating system is Microsoft
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Windows 10 Enterprise N 64-bit. The SQL server is deployed on the same host machine as
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9.1 Detecting SUPs Results
This section discusses the performance evaluation of the SUP detection.
9.1.1 Evaluation Metrics
We used two metrics to evaluate the SUP Detection performance in our experiments. These
are the number of detected SUPs, and the time difference between the actual and the detected
turn on time.
The first metric is the number of detected SUPs for certain appliance, which corresponds
to the number of reported turn on times for certain appliance by the SUP detection module.
We assume that a single SUP presents daily for an appliance based on the analysis performed
in Chapter 3, where we found that an appliance is activated on average several time a week or
once a day. For example, if there is a single SUP activation in a certain day for a dishwasher,
and after running the SUP detection algorithm it detected five SUPs while it is actually one
SUP.
The other metric we use is the time difference between the actual and the detected turn on
time. This corresponds to the time difference between the actual turn on time of a SUP and the
reported turn on time by the SUP detection algorithm.
For the subsequent sections, we assume that the value of the Low Amplitude Canceling
Coefficient δ is equal to 90 and the sampling frequency used is fs = 1Hz in the following tests.
9.1.2 The Impact of Reference Pattern Size
This section discusses the impact of the reference pattern size on the number of detected
SUPs and on the time difference between the actual and the detected turn on time.
9.1.2.1 Impact of Reference Pattern Size on The Number of Detected SUPs
This section analyzes the impact of the size of the reference pattern has on successful
detection of SUPs (see Chapter 5). A single SUP appears in each day of consumption.
A reference pattern is a time series sequence representing an SUP from the start of the SUP
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and is of size n where n is less than the length of the SUP. We generated reference patterns
of different sizes based on a SUP generated with a randomly selected operation mode (see
Chapter 4). Since the frequency of sampling ( f s) is 1Hz, the running time of the appliance
in seconds can be calculated from the number of samples. For example, if a dishwasher has a
SUP with 110 minutes, then this SUP is represented by 6600 samples. The reference patterns
generated is a subsequence of the samples representing the generated SUP. For the dishwasher,
the reference pattern sizes used ranged from 50 to 1400 samples. The range of the values of n
is selected to show different cases of correlation, consequently, different results.
Figure 9.1 shows the results for a dishwasher. Figure 9.1 shows a very large number of
detected SUPs found in the day (of 86400 samples) when n is between 50 and 400. This is
because of the shape of the SUP of the dishwasher. When the reference pattern size is between
50 and 400, there is a high number of SUPs detected despite the existence of only one SUP.
However, the number of detected SUP settles down to one when the reference pattern size
typically increases within the range 400 and 1400 samples. When the reference pattern size
exceeds 1400 samples, the number of detected SUPs is zero because of the low chance to find
such a long reference pattern during the day.
The number of matching SUPs is higher for shorter reference pattern than a longer refer-
ence pattern. This is because there is higher chance that this small reference pattern occurs
more frequently within the consumption function than a longer reference pattern. The reason
is that a SUP has repetitions of cycles that have similar shape. This shape could be similar
to the reference pattern. This leads to reporting multiple potential SUPs even where is only
one SUP. Thus, as the size of reference pattern decreases, the probability of reporting these
repetitions within a SUP is higher. Therefore, the accuracy increases as the reference pattern
size increases.
Figure 9.2 and Figure 9.3 show results for clothes dryer and clothes washer respectively.
The same range of the reference pattern size is used where n is between 0 and 1400 samples.
Figs. 9.2 and 9.3 show that these two appliances have fewer fluctuations in the number of
detected SUP in response to the change in n. The dryer shows that the value of n that gives best
results is when n is between 600 and 1100 samples where it shows the number of detected SUPs
equals to one. Nevertheless, the results show some choppiness in the number of detected SUPs
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Figure 9.1: The impact of changing the reference pattern size n on the number of detected
SUPs in the day consumption date for a dishwasher.
within the same range (when n is between 600 and 1100 samples). This is a common problem
for all appliances. It is most likely due to the variations in cycles duration (see Chapter 4) where
cycle durations are generated with variation factor that affects the cross correlation by reducing
the overlapping between the cycles in the reference pattern and the detected SUP. Therefore,
it shows fluctuation in the number of detected SUPs between zero and one depending on the
variation coefficient selected by the simulator. Figure 9.3 shows the number of detected SUPs
for the washer. The range of reference pattern size is between 100 and 1100 samples. In this
range, the number of detected potential SUPs is always one. That is probably because the the
repetition in the washer consumption curve is minimal, thus, a unique one high value of cross
correlation in every test.
9.1.2.2 Impact of the Reference Pattern Size on The Detected Turn On Time
As we discussed in Chapter 5, the reference pattern is used to detect the start time of the
appliances when it is turned on. This detection is computed by moving correlation, which may
not always find the exact point of time that represents the actual ton. The reference pattern size
plays a role in the accuracy of finding the closest time to the actual ton. The selection criteria
of the reference patterns size n is the same as the criteria mentioned in Section 9.1.2.
The absolute time difference (in number of samples) between the actual time and the de-
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Figure 9.2: The impact of changing the reference pattern size n on the number of detected
SUPs in the day consumption date for a dryer.
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Figure 9.3: The impact of changing the reference pattern size n on the number of detected
SUPs in the day consumption date for a washer.
tected time is as follows:
∆ton =
∣∣∣tactualon − tdetectedon ∣∣∣
The relation between the reference pattern size n and the time difference for the clothes
dryer is presented in Figure 9.4. The time difference trends higher as n increases. Generally,
the time difference is greater than 20 samples for most of the reference patterns sizes. The best
range of values for n is when it falls between 1050 and 1500 samples (1050 to 1500 seconds)
where the lowest time difference is observed in this duration.
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Figure 9.4: The impact of changing the reference pattern size n on the detected ton for a dish-
washer.
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Figure 9.5: The impact of changing the reference pattern size n on the detected ton for a dryer.
Figure 9.5 shows the relation between the reference pattern size n and the time difference
for the dryer. The plot shows that the optimal size for the reference is when n between 900 and
950 where the time difference is minimum.
The impact of the reference pattern size n on ton for the clothes washer is shown in Figure
9.6. There is a higher time difference when n is less than 700 because the reference pattern
is relatively short, so it is more more likely to determine an incorrect ton. Otherwise, the
experiment shows the optimal size when the value of n is between 700 and 1050 where the
error in time difference doesn’t exceed 10 samples in this period.
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Figure 9.6: The impact of changing the reference pattern size n on the detected ton for a washer.
9.1.3 The Impact of The Low Amplitude Canceling Coefficient δ on The
Number of Detected SUPs
This section discusses the impact of the of the Low Amplitude Canceling Coefficient δ
on the number of detected SUPs in a single day of consumptions data. The δ coefficient is
used to form a threshold on the correlation function so that it trims what is under the threshold
value and ends up with the residue function. This function has local maximums that represents
the existence of a potential SUP. Generally, higher values of δ means a higher threshold, thus,
spikes are less likely to be caught. On the other hand, a lower value for δ catches lower value
spikes which may not resemble a correct SUP.
The following tests are performed as follows: For each appliance, a day of consumption
data is generated. We assume that the actual number of SUPs in the day is one for each
appliance. The operation mode is selected randomly. We repeated the test starting with the
value of δ = 50 to δ = 100, increasing the value of δ by one every round. In each round, the
number of the detected SUPs is reported.
Figure 9.7 shows the impact of changing δ on the number of detected SUPs for the dish-
washer. The plot shows fluctuations between 4 to 2 detected SUPs when δ is between 50 and
80. In this period, the threshold value is relatively low which leads to detecting low amplitude
correlation spikes. As the value of δ increases beyond 80, the threshold becomes higher making
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Figure 9.7: The impact of changing the Low Amplitude Canceling Coefficient δ on the number
of detected SUPs in the day consumption date for a dishwasher.
it difficult to catch spikes except the actual spikes where the SUP really exists.
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Figure 9.8: The impact of changing the Low Amplitude Canceling Coefficient δ on the number
of detected SUPs in the day consumption date for a dryer.
For the case of the clothes dryer Figure 9.8 shows the impact of δ on the number of SUPs
detected. The plot shows a wide fluctuation in the number of SUPs from 5 to 18 when the
canceling coefficient δ is between 50 and 85. This is due to the shape of the dryer SUP where
it has many segments of the data that is relatively similar to the reference pattern. For example,
when δ = 84 the algorithm identifies 10 potential times during the day where actually there is
a single SUP. On the other hand, as δ increases between 85 to 90, Figure 9.8 shows the real
number of SUPs which equals to one.
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Figure 9.9: The impact of changing the Low Amplitude Canceling Coefficient δ on the number
of detected SUPs in the day consumption date for a washer.
The clothes washer case is more straight forward as illustrated in Figure 9.9. The plot
shows that regardless of the threshold value, the correct number of SUPs is usually picked.
This is because the reference pattern doesn’t find any matches within the day except the one at
the beginning of the SUP.
9.2 SUP Classification Using DTW and KNN Results
This section discusses the recognition of SUPs and the classification of the detected SUPs
into different operation modes. Since we work in two different methods in classifying SUPs,
we test each method with its appropriate setup. Then we evaluate the performance of each
method and provide evaluation measures to compare the results of the two methods.
9.2.1 Generating Datasets
Using the approach described in Chapter 4, we generated power consumption data for three
different households. These datasets are distinct in appliance usage.
We assume that for each appliance, there are three different levels of usage intensity: High,
Medium, and Low intensity where High Intensity refers to households who use the Heavy mode
the majority of the time, Medium Intensity refers to households that use Medium mode the
majority of the time, and Low Intensity refers to households that use Light mode the majority
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of the time. The generated test dataset setup is shown in Table 9.1.
Household Intensity Appliance Major Mode Minor Modes
1 High
Clothes Washer Heavy Medium, Light
Clothes Dryer Heavy Medium, Light
Dishwasher Heavy Medium, Light
2 Medium
Clothes Washer Medium Heavy, Light
Clothes Dryer Medium Heavy, Light
Dishwasher Medium Heavy, Light
3 Low
Clothes Washer Light Heavy,Medium
Clothes Dryer Light Heavy,Medium
Dishwasher Light Heavy,Medium
Table 9.1: The setup of the testing datasets.
The simulator discussed in Section 4.2.2 generates daily power consumption data based
on the Usage Intensity parameter that determines which operation mode is used mostly over
the time. The simulator samples the modes from a normal distribution function. We roughly
assumed that µ = 50 and σ = 9 so that the major operation mode is selected in 68% of the
time, while the other two minor modes are selected 16% of the time, each of them.
Each dataset consists of daily power consumption for two thousands days. We assume that
there is only one SUP occurrence daily per appliance so that a single turn on time is provided.
9.2.2 Evaluation Metrics
We use four metrics to measure the performance of the classifiers we use. The metrics are
the following: Precision, Recall, F1-score and Accuracy [111]. These metrics are defined as
follows:
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Accuracy =
T P + TN







F1 score = 2 ×
Precision × Recall
Precision + Recall
where T P is True Positives, T N is True Negatives, FP is False Positives, FN is False Negatives.
9.2.3 SUP Classification Results
Table 9.2 shows the classification accuracy for DTW and KNN applied on the nine data sets
described in Section 9.2.1. The table is divided by appliance. In terms of the average accuracy
for each appliance using DTW, clothes washer accuracy is around 85%, for the clothes dryer the
average accuracy is 88%, and for the dishwasher’s accuracy, it is on average 84%. The average
accuracy of the DTW for all appliances is 85%. For the KNN algorithm, clothes washer accu-
racy is around 79%, the clothes dryer is with average accuracy 92%, and for the dishwasher’s
accuracy, it is 91%. The average accuracy of all appliances for the KNN is 84%. Finally, the
confidence interval for the DTW is [0.8513, 0.8575] and for KNN is [0.8388, 0.8451].
Figure 9.10 shows the relationship between usage intensity, operation mode, and the met-
rics. The chart shows the precision, recall, and F1-score on the y-axis. The x-axis is divided
into three lanes representing the usage intensity values (low, medium, high). In each lane, the
operation mode is depicted. The chart shows high values of the metric for the major operation
mode in each usage intensity lane. e.g, in the low intensity lane, the light mode is the opera-
tion mode that is used by the household the majority of the time. Therefore, the three metric
values for the light mode are relatively higher than other modes. The heavy operation mode in
the high intensity lane behaves in the same way. The medium operation mode in the medium
intensity lane show this property in the precision, but generally it has higher performance than
other usage intensity.
The performance of the DTW and the KNN algorithms is summarized in Table 9.3. It
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Table 9.2: Accuracy for the classification of the 9 test datasets using DTW based and KNN.
Intensity / Mode
Low Medium High































Figure 9.10: The precision, recall, and F1-score for each operation mode in every usage inten-
sity.
shows the average precision, recall, and the F1-score across all the experiments conducted
over the datasets. The precision and recall values of the DTW are 81% and 81% respectively.
While these values are generally higher for the KNN with 84% and 85%.
The evaluation of the performance of the two algorithms used in terms of operation modes
is depicted in Figure 9.11 and Figure 9.12. The charts shows the precision, recall and F1-score
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Algorithm Precision Recall F1-score
DTW 0.81 0.81 0.80
KNN 0.84 0.85 0.83
Table 9.3: Average precision, recall, and F1-score values for all datasets using DTW based and
KNN.
for each operation mode using box and whiskers. Figure 9.11 shows that for the DTW the
metrics values are averaged around 82% for the light and heavy operation modes. Otherwise,
the metrics value is approximately 79%. On the other hand, the KNN chart presented in Figure
9.12 shows more balanced results, for the three operation modes the metrics average values
are around 82%. The average values for the metrics per operation mode for both algorithms is
summarized in Table 9.4.
Figure 9.11: The precision, recall and F1-score for each operation mode using DTW.
Operation Mode Precision Recall F1-score
Light 0.83 0.92 0.87
Medium 0.81 0.71 0.75
Heavy 0.83 0.86 0.83
Table 9.4: Average precision, recall, and F1-score values for each operation mode.
The comparison between the performance of DTW and KNN per appliance is illustrated in
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Figure 9.12: The precision, recall and F1-score for each operation mode using KNN.
Figure 9.13. We focus on the precision, recall, and F1-score values for each appliance. DTW
has metrics values range between 82% and 83% for the clothes dryer. For the clothes washer
DTW scored between 77% and 80%. For the dishwasher, DTW has higher metrics scores with
a of values between 78% and 82%. KNN scored higher precision, recall, and F1-score values
for the clothes dryer with the range 90% to 91%. For the clothes washer KNN metric values
are ranging between 81% and 88%. for the dishwasher, KNN has lower metrics values than
other appliances with the range 75% and 78%.
The breakdown of the operation modes performance for each appliance is shown in Fig-
ure 9.14. The chart is divided into three main lanes, each lane corresponds to an appliance.
Within each lane a comparison between KNN and DTW classification results over the opera-
tion modes. Generally, the chart shows higher performance for KNN over DTW. In the clothes
washer lane, KNN has higher metrics values for heavy and light modes than DTW. Also, in the
clothes dryer lane, KNN has higher performance for heavy and light modes than DTW. Lastly,
for the dishwasher, the metrics values of the DTW is higher than the KNN.









































Figure 9.13: Average precision, recall, and F1-score values for each appliance using DTW and
KNN.


































Figure 9.14: The breakdown of the operation modes performance for each appliance using
DTW and KNN algorithms.
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9.3 Discussion
We discussed the impact of reference pattern size on the number of detected SUPs for
each appliance in Section 9.1.2.1. We observed that the detection algorithm worked at its best
performance when the the reference pattern size in the first 20 minutes of the SUP. For the
dishwasher the best reference pattern size was between 7 to 20 minutes, for the dryer it was
10 to 17 minutes, and for the washer the best performance was when the size was between 3
to 20 minutes. We found that within these ranges of sizes, the detection performed fairly with
around 74%, 60%, and 99% successfully detecting one SUP for the dishwasher, dryer, and
washer respectively. We also found that the detection performed poorly when the reference
pattern was less than the aforementioned ranges because the it is highly likely to detect short
reference patterns in SUPs that have many repetitions. However, when the reference pattern
size exceeded the ranges mentioned before, the detection poorly performed and didn’t detect
any SUP.
We then discussed the impact of the reference pattern size on the detected turn on time in
Section 9.1.2.2. The average time difference between the actual time and the detected time is
40 samples, 31 samples, and 124 samples for the dishwasher, dryer, and washer respectively.
The main contributor to this time difference is the cycle duration variation that changes the
start time of a cycle differ by couple of minutes (120 samples). We believe that with this
performance, the detection algorithm could be used practically since the time difference is at
most 2.8% of the average SUP length.
The impact of the low amplitude canceling coefficient δ on the number of detected SUPs
is discussed in Section 9.1.3. We found that for every appliance there is a range of values for
δ that gives good performance in detecting the correct number of SUPs. We found that the
results align with the expected role of δ for the dishwasher and the dryer. When the value of
δ is very close to 100, the number of detected SUPs is zero since the matching between the
reference pattern and the actual SUP is not perfect. When the value of δ is relatively small,
the number of detected SUPs is high since the threshold is not high enough to cancel out the
spikes which report incorrect SUPs. Finally, when the value of δ in the upper eighties and
lower nineties, the number of detected SUPs in one since the threshold is placed at the best
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location. For the clothes washer, changing δ didn’t have significant impact on the number of
detected SUPs since the shape of the washer SUP doesn’t have many repetitions, consequently,
the cross correlation produces less number of high spikes. Therefore, increasing or decreasing
the value of δ doesn’t change the detection of the actual SUP. We believe that these results are
fair enough in case of practical use of the model. For each appliance, the value of δ could be
tuned in the aforementioned ranges to give the best results.
The results of SUP classification was presented in Section 9.2.3. We found that both DTW
and KNN algorithms performed almost the same with an extra 1% for the DTW. The average
accuracy for the DTW and KNN are 85% and 84% respectively. However, since the F1-score
for the KNN (83%) was higher the the f1-score for the DTW (80%), the performance of the
KNN is considered better than the performance of the DTW. In terms of algorithm performance
per appliance, KNN generally performed better that DTW for the clothes washer and dryer,
while DTW performed better for the dishwasher. As a result, there is a potential of applying
this classification practically for some appliances since the results of each algorithm differ from
appliance to other.
CHAPTER 10
Conclusion and Future Work
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10.1. Conclusion 121
This chapter gives concluding remarks for the research work that has been conducted in
this thesis. It also discusses potential future enhancements in this research topic.
10.1 Conclusion
Our work is focused on building a prototype to monitor and analyze residential power
consumption for certain appliances in order to give the household tips to lower the daily power
consumption. These tips are based on detecting the times when an appliance is activated so
the system advises the user to shift the usage to off peak hours. The other way to give tips is
to recognize the operation mode that appliances in activated with and advise the user to user
lighter modes that consume less power.
We analyzed publicly available disaggregated power consumption dataset [66] by applying
statistical analysis to find out statistical distributions about consumption for the households in
the dataset. Furthermore we used some of the analysis in the literature [83, 114] to under-
stand operation modes for appliances and extract their characteristics. A simulation engine
then processes the statistical models resulted from the data analysis and generates power con-
sumption data to simulate households use their appliances in different operation modes. This
simulated data is used to test our models. An SUP detection algorithm is proposed using cross
correlation between reference patterns and daily usage data to detect the activation times of
appliances. These activation times are used by the recognition algorithms to classify SUPs
into their operation modes. We used two algorithms to classify SUPs. Fist, Dynamic Time
Warping (DTW) is used to measure the similarity of the detected SUP with reference patterns
that represent all different operation modes for the appliance. Second, K-Nearest Neighbors
(KNN) is used to classify SUPs. The features used are cycles enclosed by edges that form the
SUP which are extracted using Moving Step Test (MST) for edge detection.
10.2 Future Work
It is important to have gold standard datasets in order to evaluate any proposed model.
It is crucial to have a real dataset that contains power consumption readings from different
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types of appliances with different operation modes. This dataset should also consider different
manufacturers for the same appliance so that different usage profiles is considered.
Furthermore, building a real application that resembles a MDMS for a hydro company
and integrate the work described in this thesis. This integration opens the doors for different
opportunities including the following: First, this work provides tips to the consumers based on
their own consumption, this facilitates the evaluation of behaviour change in terms of demand
response. Second, this work can be used in the gamification applications in a way that serious
games can be developed on top of the results that come from the detection and the recognition
modules.
Another improvement that could be applied is to enhance the machine learning based clas-
sification by using different feature extraction methods such as computing mean, median, stan-
dard deviation of the SUPs. Taking the cycles order within SUP can enhance the SUP classifi-
cation, since we didn’t pay attention to cycles order rather than considering the average power
value and cycle duration.
More improvements could be applied is to use the enhanced DTW version called SparseDTW
[4] or the Sakoe-Chiba-Band version proposed in [91] which both enhances the speed of dis-
tance computing by limiting the need for large number of recursive calls, or by limiting the
need for calculating all the elements of the distance matrix. Using either of these improved
DTW versions will provide opportunities to apply this work on online power consumption data
streams collected by smart meters and sensors.
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Algorithm / Appliance / Mode
DTW
Clothes Dryer Clothes Washer DishWasher
KNN














































































Figure A.1: Precision comparison between DTW and KNN in terms of each operation mode
within appliances.
Algorithm Measure Class Light Class Medium Class Heavy
DTW
Precision 0.9925 0.9 0.8055
Recall 0.9779 0.7941 0.9666
KNN
Precision 0.8125 0.98 0.6667
Recall 0.99 0.71 0.981
Table A.1: Precision and recall percentage for 3-classes classification using DTW and KNN
for a clothes washer that belongs to low-intensity consumption household.
Algorithm Measure Class Light Class Medium Class Heavy
DTW
Precision 0.989 0.8391 0.8484
Recall 0.8 0.96 0.6222
KNN
Precision 0.9166 0.991 0.65
Recall 0.9825 0.5 0.992
Table A.2: Precision and recall percentage for 3-classes classification using DTW and KNN
for a clothes washer that belongs to medium-intensity consumption household.
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Algorithm / Appliance / Mode
DTW
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Figure A.2: Recall comparison between DTW and KNN in terms of each operation mode
within appliances.
Algorithm / Appliance / Mode
DTW
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Figure A.3: F1-score comparison between DTW and KNN in terms of each operation mode
within appliances.
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Algorithm Measure Class Light Class Medium Class Heavy
DTW
Precision 0.5142 0.5556 0.8294
Recall 0.5294 0.4762 0.8629
KNN
Precision 0.8823 0.8 0.6285
Recall 0.9375 0.82 0.9895
Table A.3: Precision and recall percentage for 3-classes classification using DTW and KNN
for a clothes washer that belongs to high-intensity consumption household.
Algorithm Measure Class Light Class Medium Class Heavy
DTW
Precision 0.9917 0.7 0.9896
Recall 0.8571428571428571 0.6667
KNN
Precision 0.9687 0.9 0.875
Recall 0.9687 0.8181 0.9901
Table A.4: Precision and recall percentage for 3-classes classification using DTW and KNN
for a clothes dryer that belongs to low-intensity consumption household.
Algorithm Measure Class Light Class Medium Class Heavy
DTW
Precision 0.8 0.6121 0.9655
Recall 0.99 0.5 0.9333
KNN
Precision 0.875 0.9687 0.8
Recall 0.875 0.9117 0.9872
Table A.5: Precision and recall percentage for 3-classes classification using DTW and KNN
for a clothes dryer that belongs to medium-intensity consumption household.
Algorithm Measure Class Light Class Medium Class Heavy
DTW
Precision 0.8333 0.6 0.9629
Recall 0.9983 0.6 0.9285
KNN
Precision 0.9869 0.8 0.9333
Recall 0.9090 0.8 0.9655
Table A.6: Precision and recall percentage for 3-classes classification using DTW and KNN
for a clothes dryer that belongs to high-intensity consumption household.
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Algorithm Measure Class Light Class Medium Class Heavy
DTW
Precision 0.9 0.6666 0.7419
Recall 0.9904 0.4285 0.8518
KNN
Precision 0.7179 0.8 0.8333
Recall 0.9798 0.4667 0.7142
Table A.7: Precision and recall percentage for 3-classes classification using DTW and KNN
for a dishwasher that belongs to low-intensity consumption household.
Algorithm Measure Class Light Class Medium Class Heavy
DTW
Precision 0.3333 0.9687 0.75
Recall 0.9931 0.9117 0.6428
KNN
Precision 0.8 0.8056 0.75
Recall 0.9982 0.9062 0.3
Table A.8: Precision and recall percentage for 3-classes classification using DTW and KNN
for a dishwasher that belongs to medium-intensity consumption household.
Algorithm Measure Class Light Class Medium Class Heavy
DTW
Precision 0.8333 0.9893 0.9142
Recall 0.8333 0.75 0.9951
KNN
Precision 0.8333 0.6 0.9487
Recall 0.9930 0.5 0.9487
Table A.9: Precision and recall percentage for 3-classes classification using DTW and KNN
for a dishwasher that belongs to high-intensity consumption household.
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